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Abstract 

Lakes are a typical feature of boreal landscapes, covering up to 10% of the land surface 

in Sweden and Finland. The water in most lakes has a brown colour due to a substantial 

influx of dissolved organic matter (DOM) from surrounding forests and peatlands. The 

organic matter, originating from the biomass, is transported to rivers and lakes by surface 

runoff. Once in lakes, this DOM undergoes various processes, including microbial uptake 

for secondary production. The in-situ decomposition of organic matter and import of 

inorganic carbon from the catchment leads to notable emissions of greenhouse gases from 

these inland waters.  

Presently, the boreal region faces climate changes, including rising temperatures, changes 

in precipitation patterns, changes in cloud cover, and reduced snow cover. These changes 

are affecting the growth of vegetation. Evergreen species suffer from droughts, while the 

tree line rises in the mountains and the boreal forest moves upwards to the north in 

previously frozen areas. Additionally, anthropogenic activities are influencing the carbon 

cycle in lakes. Historical land use changes such as afforestation following abandonment 

of pastures, peatland draining, and timber industry expansion have increased the forested 

area. Acid deposition resulting from industrial activities further south in Europe was a 

major environmental factor in the 1970s-1980s, from which freshwater is still recovering. 

All these shifts are influencing the production, transport, and decomposition of dissolved 

organic matter in boreal freshwaters.  

The main aim of this thesis was to assess how these climate and anthropogenic changes 

are impacting the fate of organic matter in boreal lakes. The goal was to understand how 

the biogeochemical carbon cycle has been and will be affected by these changes. The 

thesis consists of three separate papers, each focusing on a specific aspect of this cycle: 

the transfer of DOM from land to water, the heterotrophic respiration of DOM in the 

watercourse, and the evasion of carbon dioxide from surface waters to the atmosphere.  

The first paper explores the relationship between the catchment characteristics and the 

concentration of total organic carbon (TOC), as a proxy for organic matter in lakes. This 

study builds upon existing knowledge about the drivers of DOM load and extends the use 

of a single set of parameters to predict TOC across the entire Fennoscandia region, despite 

wide variations in land use and climate. The analysis utilizes data from Northern 

European Lakes Survey conducted in 1995 across Norway, Sweden, and Finland. 

Additionally, the study attempts to predict potential changes in TOC load for the years 

2050 and 2100, under two different Shared Socioeconomic Pathways. Using a similar 
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model, we also conducted a “historical” experiment reconstituting the concentration of 

TOC from 1900 to 2020. The historical trends were compared to actual TOC 

concentration in the past century, obtained from measurements of the chemical oxygen 

demand in several Swedish location. The research highlights the significant impact of 

land use on TOC load, modulated by trends in runoff and the deposition of sulphur and 

nitrogen from the atmosphere.  

The second paper shifts focus to the heterotrophic decomposition of DOM in lakes. The 

study involves sampling seventy-three lakes in southern Norway in 2019. The rate of 

DOM respiration by microorganism was assessed with an incubation experiment during 

which the concentration of dioxygen was regularly measured. The study aimed at 

discerning how specific characteristics of DOM, such as mass, aromaticity, and elemental 

composition, influence its “recalcitrant” or “labile” nature. Results show that 

microorganisms preferably consume “labile” DOM, comprised of lighter, nutrient-rich 

molecules. Interestingly, even “recalcitrant” DOM can quickly be degraded when nutrient 

limitations are removed, indicating that it is used for respiration rather than microbial 

production.  

The third paper involves estimating the efflux of CO2 from boreal lakes. This estimation 

is based on using TOC as a predictor for the partial pressure of CO2 (pCO2) in the water. 

The study proceeds in two stages. Firstly, the best method of estimating pCO2 was 

explored, considering the range of pH, alkalinity, and TOC concentrations in the two 

training datasets. It is found that TOC is the most reliable predictor in both cases. 

Secondly, this linear relationship was used to estimate pCO2 in lakes from the Northern 

European Lakes Survey. Subsequently the evasion rate of CO2 and the total efflux from 

inland waters in Norway, Sweden, and Finland is calculated. The results confirmed that 

inland water substantially contribute to greenhouse gas emissions that should be 

accounted for into national carbon budgets.  

The research conducted in this thesis underscores the interconnectedness of catchment 

areas, lakes, rivers, and the global climate. It traces the journey of organic carbon from 

the soil to water and back to the atmosphere, highlighting its intricate cycle. However, 

quantifying future changes in this cycle poses challenges. Further investigations are 

required to refine the estimates presented here, as well as to account for methane 

production, sedimentation of organic matter and specific processes occurring in rivers. 

Nevertheless, these results advocate for the necessity of acknowledging the contribution 

of inland waters to the global carbon cycle.   
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Abstrakt 

Innsjøer er et karakteristisk element i boreale landskapet og dekker opptil 10% av 

landoverflaten i Sverige og Finland. Vannet i de fleste innsjøene har en brun farge på 

grunn av oppløst organisk materiale (DOM) fra omkringliggende skoger og myrer. Det 

organiske materialet som stammer fra vegetasjonen i landskapet, transporteres til elver og 

innsjøer gjennom overflateavrenning. Når dette organiske materialet når innsjøene 

gjennomgår det ulike prosesser, slik som sekundærproduksjon gjennom mikrobielt 

opptak. Nedbrytning av organisk materiale fra nedbørfeltet fører til betydelige utslipp av 

klimagasser fra elver og innsjøer. 

Den boreale sonen står overfor klimaendringer, inkludert økende temperaturer, endringer 

i nedbørsmønstre og redusert snødekke. Disse endringene påvirker vegetasjonens 

vekstbetingelser. Eviggrønne arter lider under tørke, samtidig som tregrensen stiger i 

fjellene og den boreale skogen forflytter seg oppover mot nord i tidligere isdekte områder. 

I tillegg påvirker menneskelig aktivitet karbonsyklusen i innsjøer. Historiske endringer i 

arealbruk, som skogplanting etter at beitemarker ble forlatt, myrgrøfting og utvidelse av 

tømmerindustrien, har økt skogsarealet. Sur nedbør som følge av industriaktiviteter lenger 

sør i Europa var en betydelig miljøfaktor på 1970-80-tallet, som ferskvannet fremdeles 

gjenoppretter seg fra. Alle disse endringene påvirker produksjonen, transporten og 

nedbrytningen av oppløst organisk materiale i boreale ferskvann. 

Hovedmålet med denne avhandlingen var å vurdere hvordan klima- og 

arealbruksendringer påvirker skjebnen til organisk materiale i boreale innsjøer. Målet var 

å forstå hvordan den biogeokjemiske karbonsyklusen har blitt påvirket og vil bli påvirket 

av disse endringene. Avhandlingen består av tre separate artikler, hver fokusert på en 

bestemt del av denne syklusen: overføringen av oppløst organisk materiale fra land til 

vann, den heterotrofe respirasjonen av oppløst organisk materiale i vannet, og avgivelsen 

av karbondioksid fra overflatevann til atmosfæren. 

Den første artikkelen utforsker sammenhengen mellom nedbørfeltsegenskaper og 

konsentrasjonen av totalt organisk karbon (TOC), som et mål på organisk materiale i 

innsjøer. Denne studien bygger på eksisterende kunnskap om faktorene som påvirker 

belastningen av oppløst organisk materiale og utvider bruken av et enkelt 

parameteroppsett for å forutsi TOC over hele Fennoskandia-regionen, til tross for 

betydelige variasjoner i arealbruk og klima. Analysen bruker data fra den Nordeuropeiske 

Innsjøundersøkelsen gjennomført i 1995 over Norge, Sverige og Finland. I tillegg 

forsøker studien å forutsi potensielle endringer i TOC-belastning for årene 2050 og 2100, 
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under to forskjellige sosioøkonomiske utviklingsbaner. Ved hjelp av en lignende modell 

gjennomførte vi også et "historisk" eksperiment der vi rekonstruerte konsentrasjonen av 

TOC fra 1900 til 2020. Forskningen fremhever den betydelige påvirkningen av arealbruk 

på TOC-belastningen, som moduleres av trender i overflateavrenning og avsetningen av 

svovel og nitrogen fra atmosfæren. 

Den andre artikkelen skifter fokus til den heterotrofe nedbrytningen av oppløst organisk 

materiale (DOM) i innsjøer. Studien involverer prøvetaking av syttitre sørnorske innsjøer 

i 2019. Vi målte hastigheten til mikroorganismenes DOM-nedbrytning gjennom 

inkubasjonseksperimenter med tilsetning av næringsstoffer og regelmessige målinger av 

oksygenkonsentrasjon. Studien hadde som mål å avgjøre hvordan spesifikke egenskaper 

som molekylmasse, aromatisitet og elementsammensetning, påvirker DOMs "resistente" 

eller "labile" natur. Resultatene viser at mikroorganismer foretrekker å konsumere "labilt" 

DOM, som består av lettere, næringsrike molekyler. Interessant nok kan selv "resistent" 

DOM raskt nedbrytes når næringsstoffbegrensninger fjernes, noe som indikerer at DOM 

brukes til respirasjon i stedet for mikrobiell produksjon. 

Den tredje artikkelen søker å estimere utslippet av CO2 fra boreale innsjøer. Estimatet er 

basert på bruk av TOC som prediktor for partialtrykket av CO2 (pCO2) i vannet. Studien 

gjennomføres i to trinn. Først utforskes den beste metoden for å estimere pCO2 i forhold 

til variasjonen i pH, alkalitet og TOC-konsentrasjoner i to treningsdatasett. Vi fant at TOC 

er den mest pålitelige prediktoren i begge tilfellene. Vi brukte denne lineære 

sammenhengen til å estimere pCO2 i innsjøer fra den Nordeuropeiske 

Innsjøundersøkelsen. Deretter blir CO2-avgivelsesraten og det totale utslippet fra innsjøer 

i Norge, Sverige og Finland beregnet. Resultatene bekreftet at innlandsfarvann i betydelig 

grad bidrar til utslipp av klimagasser og at dette bør tas med i nasjonale karbonbudsjetter. 

Forskningen utført i denne avhandlingen understreker sammenhengen mellom 

nedbørsfeltområder, innsjøer, elver og det globale klimaet. Den følger reisen til organisk 

karbon fra jord til vann og tilbake til atmosfæren, og fremhever et intrikate kretsløp. 

Imidlertid innebærer kvantifisering av fremtidige endringer i denne syklusen utfordringer. 

Videre undersøkelser er nødvendige for å forbedre estimatene som er presentert her, samt 

å ta hensyn til metanproduksjon, sedimentering av organisk materiale og spesifikke 

prosesser som skjer i elver. Likevel argumenterer disse resultatene for nødvendigheten av 

å ta hensyn til innlandsfarvannenes bidrag til det globale karbonkretsløpet. 
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1. Introduction: Organic matter in lakes and the carbon 

cycle in Fennoscandia 

The northernmost European regions encompass the boreal and arctic regions of Norway, 

Sweden, and Finland. These three countries are part of the Fennoscandia region, which 

also includes the Russian Kola peninsula and Karelia. The region is characterized by a 

bedrock consisting of igneous granite and gneiss and was entirely covered by ice during 

the last ice age. Today, the landscape is dominated by forests, mires, and lakes, with rocky 

archipelagos lining the coast. The climate, morphology, and land use differ from west to 

east and from north to south. The landscape along the west coast of Norway is marked by 

steep slopes and frequent rainfalls, whereas Finland is predominantly flat and covered by 

forested areas. The arctic regions are characterized by shrubs and permafrost, while 

agricultural activities are concentrated in the southern areas. Lakes are a distinctive 

marker of the region. Freshwater covers 5% of the Norwegian land surface, and almost 

10 % in Sweden and Finland. Generally, lakes are larger in Sweden and Finland. In 

Sweden, the four largest lakes - Vänern (5 648 km2), Vättern (1 912 km2), Mälaren (1 140 

km2) and Hjälmaren (484 km2) - cover 25% of the total inland water area in Sweden 

(Larson 2012). In Finland, the largest lakes are Saimaa (1 393 km2), Päijänne (1 082 km2), 

Inarijäarvi (1 082 km2), Oulujärvi (912 km2) and Pielinen (895 km2), accounting for 15% 

of the country’s surface water (Statistics Finland 2023). In contrast, Norway’s largest 

lake, Mjøsa, covers 365 km2, and only five other lakes surpass 100 km2 (Figure 1). 

Typically, boreal lakes exhibit a brownish hue due to the high concentration of DOM and 

associated iron in the water. In contrast, mountain and arctic lakes, surrounded by 

relatively barren catchment areas, tend to be more transparent. The pool of DOM 

comprises a diverse range of organic compounds originating from residues of dead 

organic matter or exudates of living biomass. The molecules of DOM are conventionally 

defined as being smaller than to 0.2-0.45 µm in size. This DOM constitutes a significant 

carbon reservoir within the boreal carbon cycle.  

Over the past few decades, a widespread browning of water has been observed in the 

northern hemisphere, often attributed to the decrease of sulphur deposition. However, 

there are broader changes at play. As highlighted by Williamson et al. (2008), “lakes and 

streams are sentinels of environmental changes”. This thesis aims to deconvolute the 

environmental factors driving this browning phenomenon and how the changes in these 

factors also affect the subsequent stages of the carbon cycle. 
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 Figure 1 - Lakes and watercourses in Norway, Sweden, and Finland (CORINE Land 

Cover 2006). Dark blue represents inland waters; cyan blue represents glaciers and 

perpetual snow. 
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1.1. The pool of organic carbon in lakes: from the soils to the atmosphere 

1.1.1. Lakes are the mirror of their catchment 

In the boreal regions most of the organic matter in freshwater originates from the 

associated catchment (Wilkinson, Pace, and Cole 2013). Hence, the cycle of carbon in 

boreal freshwaters starts in the catchment soil. Forests, whether mixed or coniferous, 

dominate Norway, Sweden, and Finland’s landscapes, although a considerable portion of 

Norway’s land is mountainous and largely devoid of forest. Peatlands and mires are also 

widespread in all three countries, especially in Finland. Agricultural regions, on the other 

hand, are relatively modest in extension, with large fields concentrated mainly in the 

southern parts. Globally, boreal soils store a significant amount of carbon, with dry soils 

potentially storing up to 69,1 PgC and wet soils up to 356,7 PgC (Scharlemann et al. 

2014). 

The boreal forest 

Boreal forests form a large biome with low diversity of fir, larch, pine, spruce, birch, 

alder, and poplar. Freezing temperature often persist for 6 to 8 months (Gauthier et al. 

2015). Forested land account for 38% of Norway, 68% of Sweden, and 87% of Finland 

(SSB 2021; Statistics Sweden 2022; Statistics Finland 2023). Human activity 

significantly influences the expansion of the boreal forest, despite natural factors like 

fires, insect outbreaks and windstorms. In the Fennoscandian region, 90% of the forest 

areas are managed for the forest industry, which enhance biomass production but 

diminishes biodiversity and resilience.  

Forests contribute to the organic soil pool through several mechanisms (Bolan et al. 

2011). Rainwater falling on the leaves, branches, and trunks (throughfall and stemflow) 

carries organic molecules to the soil.  Root exudation of sugars is another pathway.  These 

sugars are intended for the associated mycorrhiza fungi that in exchange provide nutrients 

to the tree. Decomposition of tree litter, consisting in dead leaves and wood, is facilitated 

by microorganisms and fungi producing enzymes to break down complex organic 

molecules. Physical and chemical processes like fragmentation, erosion, and fire also 

contribute to the decomposition of soil organic matter (Cornwell et al. 2009) into DOM. 

Over time soil organic matter stabilizes through these processes, making it less available 

to microorganisms.  

As a result, a significant amount of carbon in stored in the soil rather than in the biomass. 

For instance, in a forest in Ontario, Liu et al. (2002) estimated that 1.70 Pg C is stored in 

living biomass while 10.95 PgC is stored in the soil. The total carbon store in the boreal 
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forest, with a mean value of 1 041,5 Pg, surpasses that of tropical forests (Bradshaw and 

Warkentin 2015). This exceptional storage capacity is explained by several factors 

enhancing the stabilization of DOM such as the low nitrogen availability,  organic matter 

chelation with Al and Fe, and the interaction with fungi that produce recalcitrant 

necromass residues (Adamczyk 2021). 

Lands of mires 

Peatlands cover 5.3% of Norway, 7.2% of Sweden (SSB 2021; Statistics Sweden 2022). 

In Finland, mires cover 29% of the territory, with some areas being forested (Sallinen et 

al. 2019). These peatlands rank among the world’s largest carbon stores, second only to 

oceans (Barthelmes et al. 2015), due to permanently water-logged soils that impede the 

decomposition of organic matter (Bridgham et al. 2013). Forested peatlands in the 

Canadian Clay Belt region can accumulate 22.6 to 66.9 kgC/m2, while standing tree 

biomass only accounts for 2.8 to 5.7 kgC/m2 (Beaulne et al. 2021). The export of 

dissolved organic carbon (DOC), a proxy for DOM, from peatland to water bodies is 

estimated to average 13.7 gC/m2/year by Rosset et al. (2022) 

Agriculture and carbon storage 

Agricultural soils also have some capacity to store carbon. The proportion of cultivated 

land is modest in the Nordic countries: 3.5% in Norway (SSB 2021), 6.26% in Sweden 

(Statistics Sweden 2022), and 7.5% in Finland (Natural Resources Institute Finland 

2022). DOM in agricultural soils originates from plant residues, root exudates, and 

organic amendments (Bolan et al. 2011). These amendments, such as manure and sludges, 

acts as a fresh source of DOM and nutrients, having a “priming effect” that mobilizes 

recalcitrant organic compounds within the soil carbon pool. As a result, the organic matter 

in agricultural soils is less stabilized compared to forest and peatland soils. 

Sources of inorganic carbon 

In addition to organic carbon, soils are also involved in producing and storing inorganic 

carbon (TIC, total inorganic carbon). The TIC pool in boreal soil primarily originates 

from the complete mineralization of soils organic matter by soil microorganisms and 

fungi. Following mineralization, CO2 is temporarily dissolved in water and trapped in soil 

pores and is subsequently transported by runoff to surface waters. In regions with 

carbonate-rich soils, some inorganic carbon can be imported by groundwater (Marcé et 

al. 2015; Guo et al. 2015). However, in boreal areas with limited alkalinity production 

and lower temperatures, CO2 supersaturation is mostly driven by the mineralization of 

organic matter both in soils and in lakes (Allesson et al. 2022). 
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From the soils to the lakes 

Both TOC and TIC are transported from the topsoil to the water bodies by runoff 

(Hagedorn et al. 2000). The mobilization of DOM has been shown to increase during 

heavy rainfalls (Håland 2017), with increased precipitation linked to increased transport 

of DOM from soils to lakes (Heleen A. De Wit et al. 2016).  

Once within the aquatic system, DOM becomes a major carbon and nutrients source for 

aquatic microorganisms. 

 

Figure 2- Land Cover from CORINE 2000 for Norway, Sweden, and Finland, used in 

Paper 1 
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1.1.2. Carbon pathways in the water column 

During its residency in rivers and lakes, approximately 40% of the imported DOC is 

released from the water system as CO2, while 50% continues its journey through the 

watercourse to the coastal areas. The remaining 10% becomes trapped in lakes sediments 

(J. J. Cole et al. 2007).  

Imbalance between secondary and primary production 

The substantial influx of organic matter from the catchment area provides resources for 

heterotrophic organisms, a process known as secondary production. Conversely, primary 

production increases the DOM pool in lakes by producing biomass via photosynthesis. 

High DOM concentration are suggested to hinder primary production by shading the light 

required for photosynthesis (Seekell et al. 2015). However, Bogard et al. (2020) 

demonstrated that both primary and secondary production depend less on light 

availability and more on nitrogen concentration. Additionally, primary production can 

prime secondary production by releasing labile DOM (Guenet et al. 2010). Generally, 

secondary production dominates over primary production in lakes with high DOM 

concentration, resulting in negative net ecosystem production.  

Heterotrophic microorganisms feeding on DOM in the water include bacteria (Deshpande 

et al. 2016) and some groups of protists (Jones 2000). Some of these are mixotrophic 

organisms that can utilize both autotrophic and heterotrophic pathways. These 

microorganisms assimilate organic carbon and use it either for respiration, releasing 

energy and CO2, or for their own biomass production. DOM imported from the 

catchment, having previously been exposed to bacteria and fungi, tends to be more 

recalcitrant than the DOM produced in situ (Shasha Liu et al. 2020). The most labile 

compounds is used first, causing the proportion of recalcitrant DOM to increases with 

water residence time (Soares et al. 2019). 

The stratification of lakes influences autotrophic and heterotrophic metabolisms. During 

summer, a warmer epilimnion forms at the surface, while a colder layer remains at the 

bottom. In winter, the colder top layer with a temperature below 4 °C is less dense than 

the bottom layer. Most lakes are dimictic, which means that the layers mix twice a year. 

Some arctic lakes are monomictic, mixing only once due to temperature never exceeding 

4 °C (Huttula 2012). Some shallow lakes never stratify. Stratified lakes experience limited 

exchange of gases and nutrients between the layers (Kankaala et al. 2013). In summer, 

the epilimnion is in equilibrium with the atmosphere, with favourable light conditions 

supporting both photosynthesis and heterotrophic metabolism. On the contrary, in lakes 

where the hypolimnion is anoxic, the production of methane is notable through anaerobic 
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respiration in the water column (Bastviken et al. 2004) and in the sediments (Clayer et al. 

2020). As the allochthonous, aromatic DOM is hydrophobic, it is expelled from ice during 

the freezing of the lakes, increasing seasonally the relative concentration of recalcitrant 

DOM compared to labile COM (Zhou et al. 2023). This enhances the methane production 

and the carbon burial in sediments via flocculation of DOM. 

Photo-mineralization, sedimentation, and export 

Photo-mineralization involves ultraviolet light breaking down large organic matter 

molecules into smaller ones, rendering them more available to bacteria. According to 

Allesson et al. (2021), it accounts for only 3% of total direct CO2 production, and is in 

that regard negligible compared to heterotrophic respiration. 

Sedimentation constitutes a sink of organic carbon in lakes. Particulate carbon flocculates 

and settles at the lake’s bottom, where it can be respired and reintroduced as CO2 into the 

water column, significantly contributing to the inorganic carbon pool in the lakes 

(Weyhenmeyer et al. 2015). Von Wachenfeldt and Tranvik (2008) estimated an annual 

sedimentation rate of 55 +/- 44 gC/m2/year, peaking in spring. The TOC concentration is 

generally a good predictor of sedimentation rates. Sedimentation rates have been 

increasing during the Holocene along with TOC concentration (Chmiel et al. 2015).  

Organic carbon that is neither assimilated by microorganisms nor sedimented continues 

its journey through the watercourse to the sea. Cole et al. (2007) estimated that nearly 

half of the carbon entering the watercourse flows to the sea, while around 12% remains 

in the sediments, and the remaining 40% escapes to the atmosphere.  

1.1.3. Carbon evasion to the atmosphere 

Most boreal lakes are supersaturated with CO2, having a partial pressure of CO2 

exceeding atmospheric levels. Therefore, these lakes emit CO2 into the atmosphere. 

While carbon is accumulated at the catchment scale, lakes display remarkably high CO2 

evasion rates (Jonsson et al. 2007). Despite mounting evidence that their substantial 

contribution to global greenhouse gas emissions, they have not yet been accounted for in 

the overall global carbon budgets. 

Contribution of lakes to global CO2 emissions 

Global emissions from lakes were initially estimated at 0.3 PgC/year by Raymond et al. 

(2013), with streams and rivers contributing 1.8 PgC/year. These numbers are likely 

underestimated, mainly because the database used by the authors underestimate the actual 

lake and reservoir surfaces. Based on estimates from Raymond et al. (2013), Hastie et al. 

(2018) calculated that the boreal forest would be responsible for emitting 79 TgC/year, a 
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figure that rose to 189 TgC/year when using their own database. Also using data from 

Raymond et al. (2013), Lindroth and Tranvik (2021) calculated that the Swedish rivers 

release 9.9 MtCO2/year, while lakes and reservoirs emit 8.2 MtCO2/year. Combined, 

these emissions offset nearly half of the forest sink in Sweden and may even cancel a 

higher proportion of it in some regions.  

Technical challenges in accurately estimating pCO2 

Accurately gauging the partial pressure of CO2 in freshwater presents technical 

difficulties. pCO2 depends on carbonate equilibrium, hence on pH and on the 

concentration of dissolved inorganic carbon (DIC). DIC is the sum of all carbonate 

species: H2CO3 (or mainly dissolved CO2), HCO3
- and CO3

2-. It is common to consider 

that the concentration of HCO3 and CO3
2- constitute a major part of the total alkalinity 

(TA) in a sample, and to use TA as a proxy for DIC. However, especially in the acid and 

soft boreal waters the total alkalinity is strongly constituted by the presence of organic 

acid anions and hydroxide bases (Shaoda Liu, Butman, and Raymond 2020). Several 

attempts have been made to quantify the organic alkalinity based on TOC and pH (Oliver 

1983, Hruška et al. 2003; Liu et al. 2020). Other authors directly use the concentration of 

TOC to predict pCO2 (Larsen, Andersen, and Hessen 2011; Raymond et al. 2013). This 

approach is justified by the high contribution of heterotrophic respiration to the 

supersaturation of CO2, even though part of the inorganic carbon in lakes is stemming 

from groundwater influx (Allesson et al. 2022; Yang et al. 2015).  

Methane evasion  

DOM in lakes also serve as a substrate for methane production through anaerobic 

respiration and fermentation. Methane is produced in the anoxic, deep layers of the lakes, 

resulting in higher concentration of methane in these layers, whereas CO2 is more evenly 

distributed throughout the water column (Huttunen et al. 2003). Methane production is 

also enhanced by the fermentation in the sediments (Bastviken et al. 2004). During 

wintertime, when the lake is covered with ice, the O2 is depleted by heterotrophic 

respiration, leading to a higher production of methane. Upon ice melt, CO2 emissions may 

constitute 20 to 30% of the annual emissions, with CH4 emissions at ice melt accounting 

for 20 to 50%. Both CH4 and CO2 concentrations are closely linked to substantial DOM 

import from the catchment to the lakes (Valiente et al. 2022). Larger lakes tend to foster 

CH4 production, while higher temperature increase CO2 production.  

Historically, atmospheric sulphur deposition and changing land use has considerably 

effected catchment-based biomass production, lake metabolism, and CO2 evasion 
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processes over the past century. Presently, climate change accelerates the carbon cycle, 

while new challenges arise from changing land use patterns and nitrogen deposition.  

 

Figure 3 –Summary: Carbon pools and processes in a boreal lake and its catchment 
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1.2. Past, present, and future anthropogenic impacts on the carbon cycle 

1.2.1. Land use changes 

Two main trends in land use have been observed in the Nordics. On the one hand, 

substantial ditching and draining of the peatland have led to a reduction in the carbon 

store. On the over hand, the forest cover expanded over previously pastured land. Whether 

this afforestation resulted in changes in the soil carbon pool is unsure, but it contributed 

to an increased export of DOM to water bodies.  

Expansion and intensification of forestry 

Since 1850, land use changes, with a decreasing share of agriculture and the growth of 

timber industry, have resulted in an expansion of productive forest area in the Nordic 

region. In the Nordic countries, forestry holds significant economic importance, with 

governmental policies supporting afforestation and reforestation (Rolf D Vogt, De Wit, 

and Koponen 2022). Additionally, forest growth is considered as a substantial leverage 

for offsetting carbon emissions and reaching carbon neutrality. In Norway, incentives are 

therefore offered for the densification of planted areas and the afforestation of new forests 

(Futter et al. 2019). Similarly, Sweden’s thriving timber industry constitutes a major 

economical resource, with wood products accounting for 23% of total exports (Royal 

Swedish Academy of Agriculture and Forestry 2015). This industry has seen a substantial 

growth, with standing biomass doubling over the past century (Näringsdepartementet 

2018). The Federation of Swedish Forest Industries even published a report highlighting 

their crucial role in climate mitigation (Swedish Forest Industries 2019). Finland also 

greatly benefits from the wood industry, as 20% of its exported goods stem from this 

sector (Ministry of Agriculture and Forestry 2014). The forest legislation was updated in 

the 2010s to enhance competitiveness while maintaining its sustainability goals, with 

national subsidy schemes aiming to intensify the forestry sector. 

Increased forest cover has contributed to the increase of DOM concentration in water 

bodies, raising concerns about surface water quality (Vogt et al. 2023;  Finstad et al. 2016; 

Futter et al. 2019). Forestry practices exert direct impact on the organic matter pools in 

both soils and water. Activities like site preparation and clear-cutting temporarily increase 

the DOM export to watercourses, thereby reducing the carbon pool in soils stored during 

forest growth (Schelker et al. 2012). 

Drainage of peatlands 

Over the past century mires and peatlands have been subject to extensive drainage. This 

drainage leads to increased carbon and nutrient export from soils to watercourses, 
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depleting soil resources (Finér et al. 2021). The drained land has been repurposed for 

agriculture or forestry, and peat extraction for fuel has further contributed to this trend, 

especially during the World Wars. In Norway, drainage for agriculture started around 

1750, followed by forestry drainage around 1860. The area of peatland drained for 

agriculture increased from 111 000 ha in 1921 to 150 000 ha in 1963. While around 

13 000 ha of peatland was drained annually in the early 1960s, this decreased to 2 000 

ha/year from 2000-2010. New drainage for forest production is now prohibited by law. 

In total, around 200 000 ha of peats have been drained for agriculture and 400 000 for 

forestry in Norway, representing 30% of the original mire area under the coniferous limit 

(Joosten et al. 2017, in Barthelmes et al. 2015). The area affected by ditches is even larger. 

In Sweden, a quarter of peatlands have been drained for conversion to arable land, mainly 

between 1850 and 1900, peaking between 1920 and 1950 (Barthelmes et al. 2015). In 

Finland, mires originally covered 5 million hectares, mainly located in the north. 

Including wooded mires, this number rises to 10.4 million hectares, with half of them 

drained to enhance forest production. Peatland agriculture boomed after World War II 

with a maximum use of 1.2 million hectares. Recent efforts focus on protecting peatlands, 

including monitoring and restoration initiatives (Barthelmes et al. 2015).  

1.2.2. Impact of atmospheric deposition of Sulphur and Nitrogen 

Acid rain deposition plays a pivotal role in the mobilisation and transport of DOM. 

Sulphur and nitrogen deposition, originating from long-range transport of pollutants, was 

first reported in Norway in 1880 and peaked during the 1980s. As a results, a decrease of 

pH was observed in numerous lakes across the Nordic region, as evidenced by surveys 

conducted in 1986 and 1995 (Henriksen et al. 1998). The acidification of soils and waters 

led to a decrease in pH, release of the trivalent cations (i.e., Al and Fe), and increased 

ionic strength of freshwater. Consequently, the humic charge and solubility of DOM 

decreased, resulting in lower concentrations of DOM in water (Heleen A. De Wit et al. 

2007). After the enforcement of three sulphur protocols (UNECE 1985; 1992; and 1999), 

sulphur emission and deposition has decreased significantly. This reduction has led to a 

subsequent rise in the DOM concentration in rivers and lakes (Monteith et al. 2007, 

Finstad et al. 2016). Nitrogen emissions mainly come from the use of intrants for 

agriculture. Its deposition in the Nordic countries mirrors the same atmospheric patters as 

sulphur deposition but has contrasting effects on TOC. While it can have fertilizing 

effects on biomass production and respiration in the N-poor Scandinavian soils 

(Kortelainen et al. 2013), prolonged N enrichment may decrease microbial biomass and 

microbial respiration over time (Treseder 2008).  
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1.2.3. Impact of climate change  

Increased temperature and changes in precipitation pattern will impact both primary 

production within catchments and the subsequent export to the watercourse, as well as 

secondary production in lakes. Positioned at high latitudes, the Nordic countries have 

already started to experience the effects of climate change. 

Expected changes in temperature and precipitation patters 

The average temperature in Norway has increased by 1 ºC between 1900 and 1941 

(Hanssen-Bauer et al. 2017), particularly in spring and winter. The RCP8.5 scenario in 

the CMIP5 model ensemble, which represents a worst-case scenario, forecasts an 

temperature increase of 4.5 ºC in the annual average, coupled with an 18% increase in 

precipitation. Increased temperature lead to higher evapotranspiration, resulting in minor 

changes in the overall runoff. However, seasonal patterns will be modified, with runoff 

increasing in the winter and decreasing in summer. Moreover, Norway will encounter 

more frequent heavy rainfalls and flooding episodes. Lowlands area will have shorter 

snow cover, resulting in longer growing seasons. In the northern regions, permafrost will 

thaw, and sea-level increase is expected to range between 15 and 55 cm, depending on 

location along the coast. In Sweden, the average temperature is projected to increase by 

3 to 6 ºC (Eklund et al. 2015). Precipitations will also increase, especially in the north. 

Conversely, water availability in the south will dwindle because of increased 

evapotranspiration. Like Norway, Sweden will experience intensified torrential rains. 

While the sea-level rise could reach 1 m, it is counterbalanced by the ongoing land rise. 

In Finland, the mean annual temperature has already increased by 2.3 ºC since 1850 and 

could rise up an additional 5.6 ºC by 2080 (Venäläinen et al. 2020). Precipitations will 

also increase, spanning from 6 to 18%, mainly during winter. The frequency of drought 

and forest fire will increase.  

Impacts on biomass production & transport 

Climate zones are moving northwards and upwards. Warmer temperature and longer 

growing season will enhance biomass and litter production (Gauthier et al. 2015), even 

though this will be countered by increased tree mortality stemming from droughts. The 

mortality among pine and spruce trees will increase, whereas birch trees might prosper 

(Venäläinen et al. 2020). Deciduous tree litter, being less recalcitrant than conifers litter 

(Kritzberg et al. 2020), will enhance the decomposition of the soil organic pool. This will 

diminish the pool of recalcitrant DOM, resulting in a larger share of labile DOM and TIC 

in carbon exports to lakes. Altered precipitation patterns with higher frequency of heavy 
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rainfall events will also transiently impact the export of TOC and TIC from top soils to 

watercourse (Hagedorn et al. 2000; Håland 2017). 

Impacts on biomass mineralization  

Increased temperature within boreal and arctic regions, along with the concurrent release 

of phosphate linked to temperature increase, are expected to accelerate soil biomass 

decomposition rates. The transformation of soil microbial composition might take several 

years, with a stronger response to nutrient availability than to temperature rise (Rinnan et 

al. 2007). However, warmer temperature increase the efficiency of C utilization by 

bacterial biomass (Curtin et al. 2012). Conversely, reduced snow cover might impede 

litter decomposition during winter by failing to act as an insulator preventing the soil to 

freeze (Wang et al. 2022). 

In the water, the impacts of climate change are slightly different. Comparable to soil 

conditions, increased temperature might favour aerobic respiration within the surface 

layer, hence more CO2 efflux. In addition, the increased browning and eutrophication 

could lead to longer and stronger lake stratification, resulting in prolonged anoxia 

conditions at the bottom of the lake, and hence to more production of CH4 (Bartosiewicz 

et al. 2019). 

2. Scope of this thesis 

Knowledge gaps remain in each of the steps of the carbon journey through boreal lakes. 

By understanding better these intricate processes, the overarching aim of this dissertation 

is to predict the repercussions of climate change and other anthropogenic disturbances on 

the carbon cycle in boreal lakes. 

 Firstly, the relative contributions of the various drivers of TOC concentration in 

freshwater have not been assessed at a regional level. The impact of acid deposition has 

been estimated for Fennoscandia by Monteith et al.(2007). However, other studies 

integrating land-use or climate variables rather focus on local scales, i.e. Erlandsson et al. 

(2008) in Sweden, Kortelainen et al. (2006) and Palviainen et al.(2016) in Finland; and 

Larsen et al. (2011) and  De Wit et al. (2007) in Norway. 

Therefore, Paper 1 focuses on impact of land use and climate characteristics of the 

catchment on the TOC loading in lakes at the Fennoscandian scale (defined as Norway, 

Sweden Finland). This study draws on data gathered from the Northern European Lakes 

Survey conducted in 1995, the last harmonized dataset available at that scale. This model 

aims at encompassing the entire gradient of Fennoscandian lakes under a unified 
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framework. The aim is to disentangle the respective impacts of land use, acidification, 

and precipitation patterns. Moreover, we used this model to forecast TOC concentration 

over the coming century, using two socio-economic pathways from the CMIP6 model 

ensemble: one outlining a scenario where climate change is restricted to 2 °C and in which 

the world becomes more (SSP1), and another portraying a world with potential global 

warming up to 5 °C, characterized by regional rivalry and limited focus on environmental 

challenges (SSP3). Supplementary work presented in Appendix relates to this paper, 

employing a similar model fitted to land cover, runoff, and atmospheric deposition to 

hindcast the concentration of organic carbon and its coastal exports over the last century.  

 

In a second step, this dissertation focuses on heterotrophic respiration within boreal lakes. 

The controls over biodegradability of organic matter are still discussed  (Coble et al. 2016; 

Rajakumar 2018; Shasha Liu et al. 2020). Most incubation experiments involved week-

long measurements of biodegradable organic carbon (BDOC) over long periods of time 

(Vonk et al. 2015). While these experiments reflect naturally happening processes, they 

say little about the respiration process itself. Paper 2 builds upon the results of the CBA 

lakes survey conducted in 2019 of 73 Norwegian lakes.  The investigation involves 

measurements of respiration rates during short incubation experiments, based on optical 

measurements of oxygen consumption.  These data are coupled with a plethora of 

chemical and physical characteristics of the sampled DOM, such as absorbance data and 

DOM composition. The experimental setup involves incubating samples at 25 °C with 

nutrient excess to investigate which DOM characteristics promote its respiration.  

 

Finally, national estimations of CO2 emissions from surface water are nowhere available, 

despite their significant contribution to the carbon balance. An attempt was made by 

Lindroth and Tranvik (2021) to compute CO2 emissions from Swedish surface water, but 

the results are based on data from Raymond et al. (2013), that likely underestimates the 

CO2 efflux by underestimating the share of surface waters. (Hastie et al. 2018) use a large 

database of pCO2 values to estimate CO2 emissions from boreal regions, but no 

Norwegian lakes are included in the original database. Hence, Paper 3 assesses the 

carbon dioxide evasion from boreal lakes specifically for Norway, Sweden, and Finland. 

It also includes methodological considerations of the most suitable approach for 

estimating partial pressure of CO2 in lakes, given that the alkalinity, often used as a proxy 

for DIC concentration, is influenced by the high concentration of organic matter. Drawing 
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on data from two sources - the CBA lakes survey and the N112 survey (Larsen, Andersen, 

and Hessen 2011) - the study confirms that TOC is the best predictor for CO2, which can 

be used directly to estimate CO2 evasion from lakes. We then compare the evasion rates 

in the different surveys and compute the CO2 efflux from inland waters in 1995 based on 

the Northern European Lakes Survey data.  
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3. Material and Methods 

3.1. Datasets and surveys 

Paper 1 and the results presented in the Appendix are based on the TOC data from the 

Northern European Lakes Survey (NELS) conducted in 1995 (Henriksen et al. 1998). 

These data, sources from the NOFA database (Finstad 2017), encompasses the TOC 

concentration in mg/L for a total of 4 160 lakes. In this survey, lakes were sampled either 

manually or by helicopter after the autumn turnover (Henriksen et al. 1996), in order to 

obtain samples representative of the entire lake. In addition, the NOFA database 

contained the catchment polygons determined by a digital elevation model for all lakes in 

Norway, Sweden, and Finland. The sampling points of the NELS were matched to the 

corresponding catchment in SQL. In addition, the database contained polygons outlining 

coastal drainage basins in the three countries, encompassing the catchment areas of 

watercourses that drains into the sea within specific coastal sections (NVE 2022). These 

coastal drainage basins served as the foundation for predicting past and future TOC 

concentrations. Their utility rested on their ability to cover the entire territory while being 

less in number than individual lakes, thereby reducing computational demands. 

Moreover, they facilitated direct computation of TOC export from inland waters to the 

coast. After removing artificially small basins, as well as basins with missing data, a total 

of 1 392 polygons were retained for Paper 1, and 1 440 for the Appendix.  

Climate and land-use data were acquired from various sources, summarised in Table 1 

The Northern Lakes Survey data was complemented by satellite data and earth model 

products. The Net Differential Vegetation Index (NDVI) from GIMMS (The National 

Center for Atmospheric Research 2018) served as proxies for biomass. Present land use 

data was acquired from CORINE Land Cover for year 2000 (Figure 2), the first year that 

includes Norway, issued by Copernicus Land Monitoring Service (Copernicus Land 

Monitoring Service n.d.). Past land use data was acquired from the HILDA database 

(Winkler et al. 2021). Precipitation and temperature data was acquired from downscaled 

CMIP6 model products (World Climate Resarch Program n.d.), while future surface 

runoff was downloaded from CORDEX (CORDEX 2021) and past surface runoff from 

historical models of NorESM for CMIP6(Seland et al. 2020). Historical model product 

were used to fit the models on the data from 1995, and projections were based on the SSP 

1-2.6 scenario (maintaining warming around 2 °C) and the SSP 3-7.0 (where warming 

will average 5°C). Sulphur and nitrogen deposition for the last decades were extracted 

from EMEP model products (EMEP 2022), while historical deposition data was obtained 
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from a NorESM model product (Bentsen et al. 2013), used in the Appendix. Additionally, 

the dataset of the Norwegian Lakes Survey of 2019 was graciously provided by NIVA 

and served as a test dataset for the spatial error model of TOC concentration in lakes in 

Paper 1.  

Paper 3 uses the concentration of TOC, DOC, and alkalinity, along with pH measured 

during the CBA lakes survey (see following section) to model the partial pressure of CO2 

in lakes. An additional dataset of 104 lakes sampled in 2004 and published in Larsen et 

al. (2011) was incorporated into the training dataset. It contained TOC, pH, alkalinity, 

temperature, DIC and lake area. The resulting model performance was evaluated using 

data from the Northern European Lakes Survey, from which we used TOC, pH, alkalinity, 

water temperature, and lake area. In the three studies, pH was measured separately from 

alkalinity, with combination electrodes. 

To estimate CO2 evasion from lakes, the pCO2 along with wind speed data were required 

to calculate the gas transfer coefficient. Wind speed was downloaded from Copernicus 

Land Services (Boogaard et al. 2020). 
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3.2. Experimental analysis 

Paper 2 is based on data acquired during a lake survey conducted by the Centre of 

Biogeochemistry in the Anthropocene in autumn 2019, encompassing 73 lakes in 

southern Norway (Crapart and Parra 2019). The lakes were selected to match a national 

survey conducted by NIVA, aiming at repeating the sampling undertaken in 1995 (Helene 

A. De Wit et al. 2023). They were chosen to represent a wide range of characteristics, 

from agricultural regions in South-east Norway, to mountain lakes at the North-west of 

Oslo. The 73 lakes were sampled and analysed for a range of chemical and biological 

parameters. We used the concentration of DOC, dissolved nitrogen, phosphate and iron, 

and absorbance data such as specific ultraviolet absorbance (sUVa), and the 

quantification of bacterial population in each sample. 

Figure 4 - Map of the 73 lakes sampled during the CBA lake survey and their Dissolved 

Organic Carbon Concentration in mg/L 

 

An incubation experiment was used to measure the respiration rate of DOM, measured as 

the oxygen consumption rate per minute. This incubation was conducted using vials 

equipped with Presens© optical sensors, which employ fluorescence decay to measure 

the oxygen concentration. Water samples collected from the lakes were filtered through 

0.22 µm filters and were stored at 4°C. Before incubation, the samples were inoculated 
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with bacteria sourced from Lake Langtjern, and nutrients (i.e., nitrate, phosphate) were 

added. Four replicates were prepared for each lake. The vials containing the inoculated 

samples were sealed to avoid any exchange with ambient air and were subsequently 

placed in an incubator set to maintain a temperature of 25°C. The incubation process 

spanned a duration of 30h. 

 
Figure 5 - Typical oxygen consumption curve observed during the incubation 

experiment, and method for estimating the respiration rate (RR) and the biodegradation 

period (BdgT). The normalized respiration rate, RRn, corresponds to RR divided by the 

concentration in dissolved organic carbon. 

A typical oxygen curve measured during the incubation experiment is illustrated in Figure 

5. This curve demonstrates distinct phases: an initial prolonged plateau where oxygen 

concentration remains relatively stable, corresponding to the microbial community's 

acclimation to its new environment. Subsequently, a decrease of oxygen concentration is 

a)  

b)  
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observed, corresponding to a rapid growth of the microbial community. Finally, the curve 

reaches a second plateau at a lower oxygen concentration, signifying the gradual demise 

of the microbial community. We obtained a curve of oxygen concentration depending on 

time, from which we calculated the derivative to obtain the speed of oxygen consumption 

in µM/min. The respiration rate, RR, was defined as the maximum oxygen consumption 

speed. We used the median respiration rate of each set of replicates to obtain the final 

value. In a similar fashion, we computed the duration of the growth phase for each sample, 

termed the “biodegradation period” (BdgT). The full protocol for this experiment is 

described online (“Biodegradability of DNOM” n.d.). 

 

3.3. Statistical analysis 

All the statistical analysis were conducted using the R software (R Core Team 2023).  

Geographical data was analysed within the R environment. Runoff, temperature, wind 

speed and atmospheric deposition raster files were acquired from the sources cited above. 

The average value for each of the catchment polygon was computed with the “extract” 

function combined with the “mean” function from the raster package (Hijmans et al. 

2018). 

Multiple linear models were used to fit the TOC concentration in lakes based on 

catchment parameters. The “lm” function from the “stats” package, included in the core 

version of R, was used for this purpose. A Spatial Error Linear Model (SELM), which 

considers spatial autocorrelation in the error term, was also tested using the “spatialreg” 

package (Bivand 2019). These two methods were used in Paper 1 and in Appendix. 

Generalized linear models (GLMs) were used to model pCO2 and DIC based on pH, 

alkalinity, and TOC in Paper 3. They allow the use of Gamma distribution, which is 

adapted to the distribution of pCO2 and DIC. The “glm” function from the core “stats” 

package in R was employed for this purpose. 

A lasso regression was used in Paper 2 to help select the relevant variables that best 

explain the variation in the respiration rate. Lasso regression penalizes some of the 

predicting variables so that their coefficient is equal to zero when they lack sufficient 

significance (James et al. 2013). Subsequently, the selected variables were then used to 

fit a multiple linear model.   



   

 

33 

 

4. Main findings & Discussion 

4.1 Drivers of TOC load in freshwater – Paper 1 & Appendix 

4.1.1. Forecast of TOC in the future 

In Paper 1, we modelled the effect size of a change in the main predictors of TOC. This 

was based on a dataset gathered from more than 4 000 lakes in 1995. We used these data 

to predict the average TOC concentration in Norway, Sweden, and Finland in 2050 and 

2100. These forecasts were based on two socio-economic pathways as described in the 

last IPCC report (Masson-Delmotte et al. 2021).  

It has been shown that most of the TOC in boreal lakes originates from the catchment 

(Tranvik et al. 2009). The model was therefore fitted using catchment characteristics 

rather than lake characteristics. The proportion of bogs and arable land were included as 

predictors. NDVI was used as a proxy for forest. It proved to be more correlated to TOC 

than the proportion of forest land use, probably because it reflects the overall “greenness” 

in the catchment, and not only the part of it that is categorized as forest (more than 10% 

canopy cover). The model included surface runoff, the main pathway for TOC 

transportation, along with acid deposition, as it is proven to have a negative impact on 

TOC. In this context, nitrogen deposition was chosen instead of sulphur deposition. Both 

are nevertheless highly correlated because they are predicted by the same atmospheric 

model. The level of atmospheric sulphur deposition has substantially decreased since the 

90s though remains now stable. In contrast, nitrogen deposition, that mainly depends on 

the use of agricultural fertilizers, will continue to change in the coming century. 

We formulated and fitted both a multiple linear model and a spatial error linear model 

using these five predictors. A spatial error model is similar to a multiple linear model but 

accommodates the spatial autocorrelation of the predictors within the error component. 

For both models, we used the formula:  

log(𝑇𝑂𝐶) ~ 𝛼 + 𝛽1 ×  𝑁𝐷𝑉𝐼 +  𝛽2 × log(𝑆𝑢𝑟𝑓𝑎𝑐𝑒 𝑅𝑢𝑛𝑜𝑓𝑓)

+ 𝛽3 × 𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑏𝑜𝑔𝑠 +  𝛽4 × 𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎𝑟𝑎𝑏𝑙𝑒 𝑙𝑎𝑛𝑑

+ 𝛽5 × 𝑇𝑜𝑡𝑎𝑙 𝑁𝑖𝑡𝑟𝑜𝑔𝑒𝑛 𝐷𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 

To describe better the impact wielded by each predictor, we converted each estimate (β) 

into an effect size. This effect size delineates the percentage change of TOC concentration 

given a 1% change in the predicting parameter.  This corresponds to a0.01 change in bog 

cover, arable cover, and NDVI (ranging from 0 and 1), as well as a 1% increment in 

TNdep and Runoff. In Figure 6, we compare the results of the impact of each predictor, 
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showcasing the findings of both the linear model (LM) and in the Spatial Linear Error 

Model (SELM). For example, a 1% change in NDVI would result in a 3.3% increase in 

TOC compared to the original concentration. The results were similar, yet with higher 

values for the linear model. We attribute this effect to the strong spatial autocorrelation 

within the predictor variables.  

 

Figure 6 – Effect size of the 5 predictors of TOC concentration in the Linear Model and 

the Spatial Error Linear Model 

Our model shows that changes in the catchment vegetation, as shown by NDVI, had the 

strongest impact on TOC concentration in lakes. This highlights the intrinsic link between 

DOM production within the catchment and the ensuing export of TOC. As anticipated, 

the proportion of bogs also plays an important role, while the proportion of arable land 

on TOC export was comparatively modest. Remarkably, TNdep had a positive effect in 

both models. In contrast to sulphur deposition’s negative impact on TOC concentration, 

the fertilizer effect of TNdep had a more significant influence than its role as an acidifier. 

Despite being the predominant predictor of DOM mobilization, Runoff has a 

counterintuitive negative effect on TOC concentration. This counteraction was attributed 

to a dilution effect: increased runoff, related to more precipitation, results in increased 
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volume of water and hence inducing a diluted concentration, even when the total amount 

of transported DOM increases. 

 

Figure 7 - Observed vs predicted log(TOC) concentration in the ThousandLakes 

This model was validated against the ThousandLakes data, provided by NIVA (Helene 

A. De Wit et al. 2023). Figure 7 shows the correlation between observed and predicted 

values. 

To anticipate the trajectory of TOC concentration in the future, the future evolution of 

each of the predictors was estimated by various approaches. As no model for NDVI exists, 

we resorted to predicting its future values based on temperature and precipitation forecast 

derived from CMIP6 model products. However, this approach has its limitations as it does 

not consider possible land use changes, such as afforestation or development of 

agricultural areas. Without any concrete data about these possible changes, the proportion 

of bogs and arable land were retained at their 2000 levels. The predicted surface runoff 

was also extracted from a CMIP6 model product. The forecasted evolution of TNdep was 

assumed to decline under SSP 1-2.6, and rise under SSP 3-7.0, based on the emissions 

prediction described in the last IPCC report (Masson-Delmotte et al. 2021). These 
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assumptions entail a degree of uncertainty that is difficult to quantify. The forecasts must 

therefore be interpreted with caution.  

This forecast (Figure 8) shows that the browning trends observed in the last decade is 

likely to persist, particularly in the regions that have already experienced pronounced 

browning in the past decade. These regions encompass the southern part of Fennoscandia, 

where temperature increase is expected to have a positive impact on biomass production, 

nitrogen deposition exerts a significant impact, and runoff is projected to decrease. In 

contrast, in mountains and western coastal regions, the dilution by increase in runoff 

offsets the potential effect of biomass increase. In the northern territories, the proliferation 

of vegetation growth within the catchment due to a warmer climate is anticipated to 

increase browning trends. While the trends are consistent across both scenarios, they are 

a lot more extreme in the SSP 3-7.0. 

The forecasted outlook is accompanied by several sources of uncertainty. These include 

the evolution of forest composition, as well as of forestry choices, which can impact both 

the biomass production and the organic matter decomposition in the soils. In addition, the 

long-term effects of nitrogen deposition remain relatively enigmatic. Finally, further work 

would be necessary to gauge the uncertainty inherent in our forecast and to suggest more 

precise estimates of changes in TOC concentration.  
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Figure 8 - Forecast of TOC concentration in coastal drainage basins in 2050 and 2100, 

under SSP 1-2.6 and SSP 3-7.0 
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4.1.2. Hindcast of TOC concentration 

This prognostic endeavour was not confined to future projections alone; it was extended 

to the past through the implementation of a slightly different model. The global land cover 

in the last century was reconstructed by Winkler et al. (2021) and grouped in the HILDA 

database, while historical models of runoff and atmospheric deposition are available in 

the CMIP5 and CMIP6 model ensembles. Given that sulphur deposition predominantly 

drove acid rain in the past century, the hindcast used total sulphur deposition instead of 

TNdep. Additionally, to avoid having to reconstruct NDVI in the past the proportion of 

forest land use was retained as a predictor. 

The land cover categories encapsulated in HILDA are less precise compared to those in 

the Corine Land Cover dataset. While it accounts for forest cover and arable land, 

peatlands lack their own category. Shrubland and grassland are however included and 

were grouped into the same category. Using forest, shrubland and arable land from 

HILDA yielded similar results as using forest, bogs, and arable land from CORINE. 

Therefore, the new model is fitted as:  

log(𝑇𝑂𝐶) ~ 𝛼 +  𝛽1 × 𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑓𝑜𝑟𝑒𝑠𝑡 + 𝛽2 × 𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑠ℎ𝑢𝑟𝑏𝑙𝑎𝑛𝑑

+ 𝛽3 × 𝑃𝑟𝑜𝑝𝑜𝑟𝑡𝑖𝑜𝑛 𝑜𝑓 𝑎𝑟𝑎𝑏𝑙𝑒 𝑙𝑎𝑛𝑑 +  𝛽4 × log(𝑆𝑢𝑟𝑓𝑎𝑐𝑒 𝑅𝑢𝑛𝑜𝑓𝑓)

+ 𝛽5 × log (𝑇𝑜𝑡𝑎𝑙 𝑠𝑢𝑙𝑓𝑢𝑟 𝐷𝑒𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛) 

Similarly, the model was fitted on the 1995 dataset with 4 160 lakes. Subsequently, it was 

hindcasted on 1 440 coastal drainage basins. We grouped the results by the sea into which 

the coastal drainage basins is draining: Baltic Sea, North Sea, or Norwegian Coastal 

Current. The outcomes are shown in Figure 9. 

To bolster the credibility of our results, we compared them with actual measurements 

conducted in Swedish rivers. Data from the beginning of the 19th century, published by 

Eriksson (1929), was compiled with data from SLU dating back to 1950 (SLU 2020). By 

averaging the available measurements for each coastal drainage basin, we were able to 

compare actual values with the predicted average TOC concentrations. While our 

hindcast aligned with the trend observed in measured TOC concentration, it commonly 

had slightly lower values. This divergence can be partly ascribed to the distinction 

between river measurements and lake predictions. Since both the water residence time 

and the direct contribution of precipitation to the water volume are higher in lakes, TOC 

concentration in lakes tend to be lower than in rivers. This is particular the case for the 

largest lakes. 
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Figure 9 - Predicted TOC concentration by decade since 1899 in mg/L, and predicted 

export to coastal waters in Tg; gathered by sea: Baltic Sea, North Sea, and Norwegian 

Coastal Current 

The good match between the empirical measurements and the hindcast show the capacity 

of the combined explanatory factors – namely sulphur deposition, changes in land cover, 

and changes in runoff – to effectively explain the main fluctuations and trends in TOC 

concentration since 1900. Notably, TOC concentrations are today higher than they were 

in the beginning of the last century, after a drop due to the negative impact of sulphur 

deposition. This resurgence in recent decades is plausibly mainly attributed to the 

“greening” effect of increased afforestation.  

The computed export of TOC to coastal water (Figure 9) was accomplished through a 

simple multiplication of the TOC concentration, the specific surface runoff, and the costal 

drainage basin area. However, this approach disregards the many processes that 

contribute to the removal of TOC from the water column during its journey through the 

watercourse. The most significant of these processes is studied in Paper 2: the 

mineralization of DOM via heterotrophic respiration.   
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4.2. Heterotrophic respiration in boreal lakes – Paper 2 

The substantial influx of organic matter into lakes favours secondary production in 

comparison to primary production in boreal lakes. Heterotrophic microorganisms use 

organic carbon as a source of energy through respiration, a process that releases carbon 

dioxide. The bioavailability of DOM for the bacterial community in lakes is determined 

by its lability, with microorganisms preferring low-molecular weight aliphatic 

compounds. Most of the organic matter in lakes is allochthonous, originating from forests 

and mires in the catchments, and has already undergone degradation in the soil. Therefore, 

most of the DOM in lakes is constituted of complex high-molecular-weight molecules 

that are less accessible to microorganisms, rendering them “recalcitrant”.  

The aim of this study was to investigate which of the characteristics of the organic matter, 

such as its mass, absorbance, elemental composition, alongside lakes characteristics such 

as pH, conductivity, base cations concentration etc., exert influence on heterotrophic 

respiration. To assess the respiration rate of heterotrophic microorganisms, an incubation 

method based on monitoring oxygen concentration with optical sensors was applied. 

Typical oxygen curves are shown in Figure 5 (Material and Methods). The respiration 

rate (RR) was defined as the maximum speed at which the microbial community 

consumed oxygen. The duration of the exponential growth of the bacterial community 

was computed and is referred to as Biodegradation period (BdgT). Since the respiration 

rate is likely to be affected by the amount of available organic matter, the normalized 

respiration rate (RRn), i.e., the respiration rate divided by the concentration of dissolved 

organic carbon in the sample, was studied independently. RR, RRn and BdgT were then 

correlated with DOM and lake characteristics, and multiple linear models were then fitted 

on selected predictors (Figure 10).  

We found that parameters linked to aromaticity and molecular weight (sUVa, SARuv, Fe) 

exerted a negative impact on RR, RRn and BdgT. This implies that DOM characterized 

by lower molecular weight and less aromaticity was respired faster compared to high 

molecular weight and aromatic DOM. This corresponds to the common definition of 

“labile” and “recalcitrant” DOM. Conversely, in samples originally deficient in nutrients, 

RR was higher than in samples with originally rich content of nutrients. This can be 

attributed to a priming effect due to the addition of nutrients in the incubation experiment. 

The barrier between “labile” and “recalcitrant” is therefore not strict as it varies depending 

on available nutrients. The underlying processes might, however, differ. While low 

molecular weight (LMW) DOM serves both bacterial respiration (metabolism) and 

bacterial production (anabolism), high molecular weight (HMW) DOM seems to favour 
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respiration over production. This is illustrated by the positive relationship between RR 

and the C:N ratio. This has been suggested as a microbial pathway to utilize excess 

carbon, consequently making DOM more amendable for other uses. Therefore, 

alleviating nutrient limitation in lakes characterized by HMW DOM would result in the 

use of a greater proportion of the DOM by the microbial community, although primarily 

for mineralization through respiration, rather than biomass production. 

  

 Figure 10 - Multiple linear regression with selected predictors for RR (respiration 

rate), RRn (normalized respiration rate), and BdgT (biodegradation period).  

RR and RRn also display a negative relationship with nutrients (DP, C:N ratio), while the 

biodegradation was sustained longer (high BdgT) for samples with high pH and low 

bacterial abundance, which are associated to more eutrophic lakes with a higher share of 

photosynthesis. 

Most DOM in boreal lakes is allochthonous originating from conifer forests and peatland. 

These sources are recognized for generating HMW, aromatic DOM. This makes 

heterotrophic respiration a major process for transforming DOM with high mineralization 

rate. This contributes to explaining the strong relationship between the concentration of 

TOC and the partial pressure of CO2, which is investigated in Paper 3.  
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4.3. TOC driving CO2 evasion in boreal lakes – Paper 3 

Greenhouse gas emissions from inland waters are rarely accounted for in national carbon 

budgets, and do not have their own category in the guidelines for Land Use – Land Use 

Change and Forestry (LULUCF). In this paper, we aimed at estimating the partial pressure 

of CO2 in boreal lakes using sampling surveys conducted in Norway in 2004 and 2019: 

the survey conducted in 2004 by Larsen et al ( 2011), referred to as N112 survey), and 

the survey conducted by the CBA in 2019 (Crapart and Parra 2019). The data from the 

NELS, which encompasses Norway, Sweden, and Finland, is used to extend the results 

to Fennoscandia. In addition, the study seeks to estimate the CO2 evasion from inland 

waters in these three countries.  

The partial pressure of CO2 is commonly calculated using the total alkalinity (TA) as a 

proxy for DIC: i.e., TA = HCO3
- + 2 x CO3

2-. However, this approach disregards the fact 

that alkalinity in boreal waters is strongly impacted by the presence of weak organic acid 

anions and hydroxy bases, which contribute to the alkalinity. In addition, at pH < 5.4, 

most of the dissolved inorganic carbon is converted in CO2 (Guo et al. 2015). The 

remaining alkalinity must stem from other sources, rendering the use of alkalinity as a 

proxy for DIC invalid under this pH threshold.  
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Figure 11 - Measured pCO2 and pCO2 modelled from TOC in the training datasets: 

CBA lakes survey 2019 (left) and N112 lakes survey 2004 (right) 

We experimented with several methodologies suggested in the literature to remove the 

organic alkalinity from the total alkalinity, all yielding unsatisfactory outcomes. We then 

investigated whether it was possible to predict the concentration of DIC in the samples as 

means to back-calculate pCO2. Another avenue explored was the direct fitting of pCO2 

based on the commonly measured parameters: TA, pH, and TOC. We found that fitting a 

linear model with TOC as predictor for pCO2 offered the most straightforward and 

reliable approach to predict pCO2 when the concentration of DIC was unknown. This 

model, fitted using data from the two surveys conducted in 2004 and 2019 (Figure 11), 

was then validated using the dataset of 4 106 lakes from the Northern European Lakes 

Survey. Utilizing the derived pCO2 values, we computed CO2 evasion rates, both on a 

Fennoscandian scale and specifically for Norway, Sweden, and Finland.  

We used two estimates for the gas transfer coefficient of CO2 from water to the 

atmosphere. The first estimate only accounted for the wind speed over the lake (Cole and 

Caraco 1998), while the second included both wind speed and lake area (Vachon and 

Prairie 2013). The latter estimate tended to result in higher values, resulting in a low and 

high estimate for CO2 evasion. Within the Northern European Lakes Survey, we found a 

median evasion rate of 107.5 to 176.3 gC/m2/year for the Northern European Lakes 
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Survey. For Norway, the mean evasion rate of 38.3 to 62.6 gC/m2/year, while it spanned 

from 169 to 243 gC/m2/year for Sweden and 161 to 253 gC/m2/year for Finland. The 

similar conditions of Sweden and Finland contrast with Norway’s situation, which 

features numerous mountain lakes exhibiting lower CO2 concentrations and less forested 

catchments. In addition, lakes in Sweden and Finland tend to be larger than the Norwegian 

lakes. 

To estimate the contribution of inland waters to national greenhouse gases emissions, we 

categorized the total inland water area into five segments based on surface area within the 

three countries. Subsequently, we calculated the CO2 efflux for each category. The 

results, expressed in MtCO2/year, were compared to the overall greenhouse gases 

emissions of each country (Bjønness 2020; Swedish Environmental Protection Agency 

2022; Forsell et al. 2022).  

Table 2 – National greenhouse gases emissions in MtCO2eq/year for 1995, and 

estimated CO2 efflux from inland waters in MtCO2 

 Norway Sweden Finland 

Total GHG emissions 38.7 36.9 58.4 

GHG emissions from the LULUCF category -12 -36.5 -13.2 

GHG emissions from the “wetland” category  

(including lakes) 

0.26 0.1 1.6 

CO2 efflux from inland waters, computed from TOC, low 

estimate 

2.84 23.01 24.49 

CO2 efflux from inland waters, computed from TOC, high 

estimate 

4.64 46.08 53.06 

 

Our estimations show that the carbon sink represented by the LULUCF category, driven 

primarily by forest growth, is largely counterbalanced by the CO2 emissions originating 

from inland waters. This is particularly evident in Sweden and in Finland. In fact, in 

certain cases the highest estimates of CO2 emissions even exceed the estimated sink. This 

observation underscores the dynamic interplay between carbon sequestration during 

forest growth eventually returns to the atmosphere, through microbial respiration in the 

soil and in the lakes.  

These estimates would be improved by distinguishing between lakes, reservoirs, and 

rivers, and by integrating CH4 emissions from inland waters. Despite their smaller surface 

area, rivers and streams tend to have a higher gas transfer coefficient compared to lakes, 
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potentially leading to a more substantial contribution to CO2 efflux than that of lakes 

(Lindroth and Tranvik 2021). Finally, although emissions of CH4 are lower in magnitude 

than CO2 emissions, methane has a higher global warming potential. The inclusion of 

CH4 efflux is anticipated to significantly increase the total GHG emissions from inland 

waters.  
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5. Conclusion and future perspectives 

The organic matter in lakes, measured by its proxies such as total and dissolved organic 

carbon, holds strong significance for understanding the carbon cycle within the boreal 

biome. This thesis delves into the intricate relationship between catchments and lakes 

exploring how the organic matter traverses from the former to the latter, influencing the 

metabolic processes within boreal lakes, and ultimately governing the emissions of CO2 

emissions from their surface waters.  

The hindcast and forecast of TOC concentration, presented in Paper 1 and in the 

Appendix, show that the current drivers of TOC in lakes serve also as good predictors of 

past and future changes. Surface runoff intensity, despite being the main vector for 

mobilization and transport of DOM, has an overall negative impact on TOC concentration 

due to the diluting of organic matter in an increased water volume. The historical role of 

sulphur-based acid rain deposition in reducing the solubility of the organic matter is now 

less prevalent. However, nitrogen deposition will continue to play a key role in the 

Nordics, where nutrient availability limits the primary and secondary productions. The 

land uses characteristics within the catchment emerge as strong predictors, with the 

biomass quantity holding prominence, but better predictions arise from incorporating 

peatlands, shrubland, and agricultural land. The resulting forecast of TOC concentration 

must however be considered with caution, as the evolution of these predictors in the future 

are highly uncertain.  

In boreal lakes, where most of the organic matter originates from the catchment and 

predominantly consist of recalcitrant compounds, heterotrophic respiration is the main 

process through which the bacteria community in the lakes decomposes and uses the 

organic matter. In Paper 2, we show that removing the nutrient limitation allows the 

microbial community to use more of the recalcitrant DOM, even though this favours 

microbial respiration over production, and therefore increase the mineralization rate of 

DOM. The concentration of inorganic carbon in lakes, though partially imported through 

groundwaters, can be associated to the aerobic respiration of organic matter, as shown by 

the linear relationship between TOC and pCO2, investigated in Paper 3.  

The high export of organic carbon from catchment to lakes, accompanied by the 

prevalence of heterotrophic metabolism within the water column, magnified by the large 

surface area covered by lakes, transforms the boreal inland waters into substantial 

conduits for C exchange with the atmosphere. This process counters the carbon 

accumulation in boreal forests, as the mineralization of DOM in the watercourses offsets 



   

 

47 

 

this storage. The forecast for TOC concentration, developed in Paper 1, tends to indicate 

that mountainous lakes along the Norwegian west coast, already characterized by low 

TOC concentration and, hence minimal CO2 emissions, will become even less 

concentrated. In contrast, lakes in the southern regions of Sweden and Finland will 

experience even more browning, leading to increased CO2 emissions. These results 

bolster the necessity of integrating inland waters and the DOM into the global C cycle 

framework.  

However, more prospective work is needed to accurately quantify the impact of climate 

and land use changes on TOC concentration, quality, mineralization, and evasion. Beyond 

the uncertainty associated with climate models, predicting the adaptations of soil and 

aquatic ecosystems to changing climate patterns poses considerable challenges. A more 

accurate forecast of the predictors intertwined with public policies and human activities 

further underscore the need for prospective work. 
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Appendix - TOC concentration and coastal darkening in the 

20th century 

This work is related to the Green-Blue project, financed by the Research Council of 

Norway, and conducted jointly by the Department of Biological Sciences at the 

University of Bergen, the Department of Biosciences and Department of Geosciences of 

the University of Oslo. The project leader is Anders Frugård Opdal. The Material & 

Methods are presented here, as well as the main results. A manuscript based on these 

results will be written jointly by Anders Frugård Opdal, Camille Crapart and Tom 

Andersen.  

Material & Methods 

A model predicting TOC concentration in lakes water, based on catchment 

characteristics, was fitted in the Northern European Lakes Survey dataset (Henriksen et 

al. 1998). The concentration of total organic carbon (TOC) of 4160 lakes, in mg/L, as 

well as the lakes catchments polygons, were stored and downloaded from the NOFA 

database (Finstad 2017).  

Then, we used this model to predict the average TOC concentration back in time in larger 

areas: coastal drainage basins. These basins encompass all the lakes and rivers that 

discharge into the sea at a specific point. Using these larger areas for the predictions not 

only saved computing resources, but also allowed us to estimate the export of TOC from 

land to coastal waters. The coastal drainage basins polygons were generated with a 

seamless digital elevation model for Fennoscandia (Finstad 2017). The elevation model 

resulted in more than 200 000 coastal drainage basins, most of which were extremely 

small polygons covering the coastal regions. To simplify the model and reduce the data 

size, we keep only the 0,001% of the coastal drainage basins that are the biggest, i.e., 

1440 polygons. They accounted for more than 93% of the total surface covered by the 

initial set of polygons. Finally, we matched all the coastal drainage basins to the sea in 

which they discharge: Baltic Sea (“Baltic”), North Sea (“North”) or Norwegian Coastal 

Current (“NCC”). 

Information on land cover, i.e. the proportion of forest, shrubland and cropland, were 

obtained from the HILDA+ database (Winkler et al. 2021). HILDA+ is a reconstruction 

of land use and land cover in the past, using a limited number of categories: forest, 

grassland/shrubland, pasture, cropland, urban area, and water. This database was first 

constructed from 1960 to 2019, and then expanded to include data back to 1890. The 
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proportion of each land cover category for both catchment polygons and coastal drainage 

basin polygons were extracted and averaged over a 10-year period centred around 1899, 

1909 etc., until 2019.  

 

Figure 1 - Evolution of the proportion of forest, cropland and shrubland during the 20th 

century, grouped by sea drainage area. 

 

Figure 2 - Evolution of surface runoff during the 20th century, grouped by sea drainage 

area. 
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We used historical surface runoff from the NorESM2 model (Seland et al. 2020), 

conducted as part of the Coupled Model Intercomparison Project phase 6 ensemble 

(World Climate Resarch Program n.d.). The historical model runs until 2015. Since the 

historical model runs were not available for the ten-year period around 2019, we used a 

model run with the parameters for the Shared Socioeconomic Pathway SP 2-4.5 (SSP 2-

4.5). This run considers the impact of COVID-19 events and was also conducted using 

the NorESM2 model. As for the land-cover data, we averaged the layers corresponding 

to each decade and extracted the average value for all the polygons in the study.  

Historical sulphur deposition was extracted from a historical model calculated for the 

Coupled Model Intercomparison Project Phase 5 (CMIP5) model ensemble. This model 

was run using the previous version of NorESM (Bentsen et al. 2013), and covers the 

period 1850-2005. The average sulphur deposition for the decades around 1999, 2009 and 

2019 was extracted from EMEP model results (EMEP 2022). For all models, we added 

dry and wet deposition of SO2 and SO4 to obtain total sulphur deposition in mg/m2/s, that 

we converted in mg/m2/year. We compared the value for the 1999 decade obtained from 

the historical model and obtained from the EMEP model to ensure the continuity of the 

data. The result is presented in Figure 3. 

 

Figure 3 –Total sulphur deposition, averaged by decade and grouped by sea drainage 
area. The full line represents the historical model (CMIP5), and the dotted line 

represents the EMEP model. We used the EMEP value for 1999 to ensure good 

continuity between CMIP5 and EMEP models. 
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We fitted a linear model using the proportion of forest, cropland and shrubland, total 

sulphur deposition and surface runoff as predictors for TOC concentration. This model 

was fitted using the base package in R. The distribution of TOC, runoff and sulphur 

deposition were normalized by taking the log10 of each variable. Following Crapart et al. 

(2023), we also fitted a spatial error model with the same predictors, using the package 

“spatialreg” in R (Bivand 2019). 

Then, using the resulting model, we predicted the average TOC concentration for each 

coastal drainage basins and each decade. The predictions were grouped depending on the 

sea in which each basin drained: Baltic Sea, North Sea/Skagerrak, and Norwegian Coastal 

Current. The average TOC concentration was multiplied by the average surface runoff 

and the area of the corresponding coastal drainage basin to obtain the average TOC export 

to the sea.  

We compared the results of the hindcast to actual measurements of coloured dissolved 

organic matter in Swedish rivers. Observations from the early 20th century originate from 

a study conducted by Erikkson in 1929, which data was digitalized by the Swedish 

University of Agricultural Sciences (Eriksson 1929). Observations dating from after 1950 

were extracted from the Swedish University of Agricultural Sciences database (SLU 

2020). Erikkson data is provided as chemical oxygen demand, first measured with 

KMnO4 (1909-1915), then as CODMn (1916-1925). SLU data also uses both methods, 

with KMnO4 data from 1959 to 2022 and CODMn data from 2003 to 2021). To compare, 

we used the CODMn data from SLU. CODMn in mgO/L is obtained from KMnO4 by 

multicating the amount of potassium permanganate added by 3.95 (Wilander 1988). In 

boreal freshwaters, the COD/TOC is close to 1 (Erlandsson et al. 2008; Räike et al. 2012). 

Therefore, we chose to directly compare the measured COD (in mgO/L) to the predicted 

TOC (in mgC/L). 

We reconstituted stime series for the rivers sampled by Eriksson et al. by matching their 

sampling coordinates to the sampling coordinates of the rivers sampled after 1950, using 

a 5 km radius around the original sampling point. We also averaged all the available 

datapoints sampled during the same decade in each of the coastal drainage basin, to 

compared it with the value predicted by the model. For this second comparison, we only 

kept rivers and lakes for which more than 20 datapoints were available, over at least four 

decades in a row, before averaging all the values in the same coastal drainage basin.  

All the data cleaning, analysis and visualization was done in R (R Core Team 2023). 
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Results 

The analysis of the models revealed that both the linear model (LM) and the spatial error 

linear model (SELM) accurately fitted the training dataset, as indicated by low Akaike 

Information Criterion (AIC) values and normally distributed residuals. Consistent with 

the findings of Crapart et al. (2023), the proportion of forest, cropland, and shrubland 

showed a positive impact on the concentration of total organic carbon (TOC) in both 

models. Conversely, surface runoff had a negative coefficient, indicating a dilution effect 

on TOC concentration, which was found to be more significant than its contribution to 

TOC transportation. 

However, a discrepancy arose when analysing the coefficient for total sulphur deposition 

in the SELM. Contrary to the expected negative relationship observed in previous studies 

(Finstad et al. 2016; Heleen A. De Wit et al. 2007; Monteith et al. 2007)., the SELM 

yielded a positive coefficient, suggesting that increased sulphur deposition would lead to 

higher TOC concentration. In contrast, the LM aligned with the theoretical expectation 

by attributing a negative coefficient to total sulphur deposition. Therefore, we discarded 

the SELM and used the LM to predict the average TOC concentration and export for each 

decade. The hindcast, grouped by sea drainage area, are presented on Figure 4 

 

Figure 4 - Predicted TOC concentration (mg/L) and export by surface runoff (Tg/year), 

grouped by drainage basin 

The fluctuations in TOC concentration can largely be explained by the changes in total 

sulphur deposition. A notable pattern is the sharp increase in TOC concentration after 

1990, coinciding with a decline in sulphur deposition level. This is especially evident in 

the Baltic Sea basin. In addition, the proportion of forest in the catchment area gradually 
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increased after 1959, reaching a plateau approximately 20 years later. However, the 

positive impact of this forest expansion on TOC concentration becomes noticeable only 

after 1990, suggesting that the acid deposition from previous years may have delayed the 

response. The fluctuations in TOC concentration and export before 1950 are likely 

influenced by variations in average runoff for each decade. Changes in runoff levels 

during these periods likely contribute to the observed fluctuations in TOC concentration 

and subsequent export to the sea. 

16 rivers were sampled both in the Eriksson survey between 1916 and 1925 and by the 

Swedish University of Agricultural sciences after 1950 (SLU 2020). The time series were 

assembled, and the average annual TOC concentration for the selected rivers was 

compared with the average TOC concentration in the corresponding coastal drainage 

basin. The results are presented on Figure 5. The observations for each river were fitted 

by a “loess” smooth to visualize the changes. The line representing the period between 

1930 and 1980 is only indicative, due to the lack of data. Nevertheless, the observed TOC 

concentrations mostly fitted our hindcast. For some rivers, like Tidan or Närkes Svartå, 

the measured TOC increased a lot faster than the predicted average TOC. For others, like 

Tornehalven, the trend was similar but the observations lower than the predicted average 

TOC. 

When averaging the available observations within each coastal drainage basin, the focus 

was primarily on comparing the absolute total organic carbon (TOC) concentrations 

observed after 1950. The analysis revealed that the model fit was generally better in the 

northern regions compared to the southern regions. In the northernmost coastal drainage 

basin, the predicted average TOC concentrations closely aligned with the observed 

values. The model performed well in capturing the TOC dynamics in this region. 

However, in the southern coastal drainage basins, the average predicted TOC 

concentrations consistently appeared to be underestimated. In some cases, the predicted 

values were approximately half of the observed concentrations. It is important to note that 

the observed average values are derived from a subset of lakes and rivers within the 

catchment that were regularly sampled, and that the model was primarily fitted using TOC 

from lakes while the comparison with real observation includes mainly rivers. Therefore, 

the observed averages may not represent the entire range of TOC concentrations in the 

catchment. A comparison of the river catchments compared to the corresponding coastal 

drainage basin is shown on Table 3. The rivers catchments were obtained from SMHI. 
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Figure 5 – Evolution of TOC concentration by decade in selected Swedish rivers. In 
red, the predicted values for the corresponding coastal drainage basin are represented. 

The observed TOC concentrations are smooth with a loess function, represented by a 

coloured line. 
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The presence of two of the largest Swedish lakes in the represented coastal drainage 

basins, namely Vänern in basin 167089 and Vättern in basin 264568, introduces an 

additional factor to consider. These lakes receive approximately 25% of their water input 

directly from precipitation, which dilutes the contributions from rivers. In basin 167089, 

the average predicted TOC concentration does not exceed 8 mg/L at its peak while the 

observations reach 15 mg/L. Since the model is fitted on lakes and the observations come 

from rivers, we can conclude that rivers are more directly affected by the surrounding 

changes compared to these large lakes. 

Conclusion 

Our findings indicate that a linear model including catchment characteristics as predictors 

was successful in hindcasting the TOC dynamic in the past. While absolute predicted 

TOC concentrations must be interpreted with caution, due to the use of averages, our 

results consistently exhibit the correct order or magnitude and follow the historical trend.  

It is acknowledged that a large part of the organic carbon will undergo mineralization or 

sedimentation processes on their way to the sea. However, we computed the export to the 

sea as the average TOC concentration in freshwater for a given costal drainage basin, 

multiplied by surface runoff and area of this basin, without considering these potential 

sinks. However, we consider the computed export values reasonably close to reality, as 

the average concentration over the catchment was often under observed averages. 

This study shows that the space-for-time approach yields satisfactory results in predicting 

TOC concentration back in time, given that land cover indicators, together with surface 

runoff and atmospheric deposition, are included in the model.  
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Figure 6 - Evolution of observed average TOC concentration (coloured) and predicted 

average TOC concentration (red) in selected coastal drainage basins, in mg/L 
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• TOC concentration in boreal lakes de-
pends on catchment characteristics, in
particular on standing biomass.

• A space-for-time approach proves success-
ful to predict future TOC concentration.

• Climate change > 4.5°C will lead to a
strong increase in browning of freshwater
and export of TOC to coastal waters.

A B S T R A C TA R T I C L E I N F O
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Browning of Fennoscandian boreal lakes is raising concerns for negative ecosystem impacts as well as reduced drinking
water quality. Declined sulfur deposition and warmer climate, along with afforestation, other climate impacts and less
outfield grazing, have resulted in increased fluxes of Total Organic Carbon (TOC) from catchments to freshwater, and
subsequently to coastal waters. This study assesses themajor governing factors for increased TOC levels among several
catchment characteristics in almost 5000 Fennoscandian lakes and catchments.
Normalized Difference Vegetation Index (NDVI), a proxy for plant biomass, and the proportions of peatland in the
catchment, alongwith surface runoff intensity and nitrogen deposition loading,were identified as themain spatial pre-
dictors for lake TOC concentrations. A multiple linear model, based on these explanatory variables, was used to simu-
late future TOC concentration in surface runoff from coastal drainage basins in 2050 and 2100, using the forecasts of
climatic variables in two of the Shared Socio-economic Pathways (SSP): 1-2.6 (+2 °C) and 3-7.0 (+4,5 °C). These
scenarios yield contrasting effects. SSP 1-2.6 predicts an overall decrease of TOC export to coastal waters, while SSP
3-7.0 in contrast leads to an increase in TOC export.

1. Introduction

In many boreal lakes, including Fennoscandian (Finland, Sweden, and
Norway), a widespread browning of freshwater has been observed in the
last decades. This phenomenon is caused by the increased flux of colored
natural organic matter (NOM) from catchments to rivers and lakes
(Monteith et al., 2007), and enhanced by a concurrent increase in iron
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(Monteith et al., 2007, Xiao and Riise, 2021, Björnerås et al., 2017, Solberg,
2022). This upward trend in total organic matter (TOC) has been recorded
since the 1980s when several monitoring programs were implemented to
document the effect of acid deposition abatement policies. The changes in
water quality in Norway were also assessed by regional synoptic surveys
in 1986 (Henriksen et al., 1989), in 1995 (Northern European Lake Survey,
(Henriksen et al., 1998), and in 2019 (Hindar et al., 2020, De Wit et al.,
2023). The 1986-study covered 1000 lakes in Norway, while the 1995 sur-
vey included also almost 4000 lakes in Sweden, Finland, Denmark, as well
as Scotland, Wales and Russian Kola and Karelia, while the 2019 survey
again covered the 1000 Norwegian lakes. There was a 50% decrease in sul-
fur deposition between the period 1976–85 and the period 1995–2001
(Skjelkvåle, 2003; Aas et al., 2002; Fagerli et al., 2022). This caused an
increased solubility of NOM, thereby increasing the concentration of TOC
in surface waters (DeWit et al., 2007; Monteith et al., 2007). Sulfur deposi-
tion is nowback to preindustrial levels, meaning that any further reductions
are considered to be marginal (Grennfelt et al., 2020). On the contrary,
there are larger uncertainties regarding the reactive nitrogen deposition,
which has not decreased as much as the sulfur. This nitrogen contributes
both to soil and water acidification (Kanakidou et al., 2016), and promotes
the net primary production of forests (Schulte-Uebbing and de Vries, 2018).
A potential further increase in surface water NOM will likely not be driven
by a further decrease in sulfur deposition, but by other factors, such as
changes in nitrogen deposition, hydrology, and temperature, as well as re
−/afforestation and other land use changes.

Increased surface runoff is expected to lead to increased flux of NOM
from the forest floor to surface waters (DeWit et al., 2016). Higher temper-
atures provide longer growing seasons. This increases the primary produc-
tion and thereby the amount of biomass in the catchments, as well as
enhanced heterotrophic decomposition of the organic matter. Inherently,
this leads to an increased flux of NOM to surface waters causing increased
browning (Finstad et al., 2016; Kritzberg et al., 2020; Larsen et al.,
2011a). Finstad et al. (2016) modelled the increase of TOC concentrations
in 70 Norwegian lakes over 30 years. They found that a temporal increase
in Normalized Difference Vegetation Index (NDVI), along with increasing
temperature, were the main temporal explanatory parameters for the
observed increase in freshwater TOC concentration. NDVI is used as a
proxy for the density of vegetation (primarily forest) biomass (Beck et al.,
2007). Accumulated reactive nitrogen from long-range atmospheric deposi-
tion is also expected to contribute to an increase in biomass (Vries and
Schulte-Uebbing, 2019). The intensification of forest management in the
1950ies and 60ies increased the forest volume in Nordic countries.
Moreover, abandonment of out-field resources as grazing pastures for hus-
bandry, has resulted in increased standing forest biomass during the last
centuries (Myrstener et al., 2021). In the coming decades, afforestation is
expected to expand further, as the governments of Norway, Sweden, and
Finland (collectively referred to here as Fennoscandia) consider forest as
a necessary trade-off leverage for offsetting their carbon emissions and
reaching their zero-emission goals (Nordic Council of Ministers, 2021;
Vogt et al., 2022). Coniferous forests build up a thick layer of organic soil
that increases the amount of NOM available for lateral transport (Škerlep
et al., 2020). In addition, practices such as clear-cutting and peatland
ditching are likely to promote the release of NOM towards the water system
(Nieminen, 2004; Asmala et al., 2019; Finér et al., 2021).

The planned intensification of forest management and re-/afforestation
has raised concern for possible effects onwater quality (Norsk Vann, 2019).
Raw water sources used for producing drinking water in Fennoscandia are
predominantly surface waters. Browning has thus a potential impact on the
water treatment to ensure potability of water (Eikebrokk et al., 2004). In
addition, browning has a suite of ecosystem impacts in lakes, e.g., by
increasing light absorbance, and thus reducing primary production
(Karlsson, 2007; Thrane et al., 2014). Moreover, the increased influx of
allochthonous NOM boosts the heterotrophic degradation, causing
increased CO2 and CH4 emissions, especially in small lakes (Hessen et al.,
1990; Tranvik et al., 2009; Wit et al., 2018; Yang et al., 2015). Increased
browning also extends the duration of thermal stratification and affects

fish, both via the reduced primary production, but also by the darkening
affecting predators by hampering visual hunting (Craig et al., 2017;
Finstad et al., 2014; Karlsson et al., 2009). Monitoring of the Secchi
depth in the Baltic Sea have shown that the coastal water has steadily be-
come less transparent since the beginning of the 20th century (Fleming-
Lehtinen and Laamanen, 2012). Browning of freshwater lakes and rivers
cascade along the aquatic continuum from rivers to the coast (Opdal
et al., 2019). Increased NOM in surface freshwater thus inherently leads
to an increased export of NOM to the coastal water, subsequently causing
coastal darkening (Aksnes et al., 2009).

Identifying the governing factors for NOM concentration in space and
time and understanding their role under changing anthropogenic and
climatic pressures is therefore a prerequisite to forecasting NOMs potential
detrimental effects to the water quality and ecosystem services.

Larsen et al. (2011a) developed an empirical model predicting the
spatial distribution of TOC concentrations in the 1000 Norwegian lakes of
the 1995 Northern European Lake Survey (Henriksen et al., 1998). The
model was based on lake catchment characteristics, using catchment
NDVI, area fractions of peat (Bog) and area specific surface runoff intensity
(Runoff) as predictors. This study concluded that NDVI was a key predictor
of surface water TOC concentration, as NDVI explained, together with Bog
and Runoff, nearly 80 % of observed spatial variation in TOC.

The 1000 lakes used to fit themodel by Larsen et al. cover a very hetero-
geneous landscape, comprising large gradients in NOM, relative forest and
bog coverage, andmean surface runoff, as well as length of growing season,
with extensive subalpine and alpine areas. For this reason, the model pre-
dictions may not be representative of the more homogeneous boreal
biome at large. To test the assumption that the key catchment properties
NDVI, Bog and Runoff can serve as explanatory predictors for TOC concen-
trations at wider spatial scale, this study includes an additional 3735 lakes
and their catchments properties from Sweden and Finland. These addi-
tional catchments represent more uniform topography and runoff, situated
in low-altitude land of Sweden and Finland, with more productive forests,
and with extensive areas of bogs. Other conceptually relevant predictors
at the catchment level were also included in this study: i.e., mean tempera-
ture (Temp) and amount of rain (Precip), proportion of forest (Forest) and
farmland (Arable), as well as total nitrogen (TNdep) and sulfur deposition
(TSdep).

A Spatial Error Linear Model (SELM) is used as a modelling tool to
account for the spatial autocorrelation of the response and predictor
variables. The fitted TOC model, built on the optimum set of predictors,
is validated on data from the recent re-sampling of the 1000 lakes in
Norway (Hindar et al., 2020). Based on the model, the effect size
(i.e., relative effect on TOC) of a relative increase of each of the predictor
variables are estimated. The model is also used to forecast future average
TOC concentration in an ensemble of Fenno-Scandinavian watersheds
draining into the sea (here referred to as “coastal drainage basins”). Follow-
ing the IPCC AR6 report (Masson-Delmotte et al., 2021), two global
warming scenarios are considered: i.e., the SSP 1.2-6 scenario, with
global warming limited to <2 °C, and the SSP 3-7.0 where global warming
can reach up to 4 °C. Finally, these scenarios are compiled to estimate
the future export of TOC from Fennoscandian peninsula into its coastal
waters.

The aim of the study is to test two distinct hypotheses: 1) that a space-
for-time approach, using a spatial “snap-shot” to predict temporal changes,
can produce realistic forecast results; and 2) that global warming, including
increased surface runoff, together with land-use changes, with increased
standing biomass, is likely to exacerbate the ongoing browning of freshwa-
ters and, subsequently, also coastal darkening.

2. Methods

2.1. Data preparation

The main water chemistry dataset assessed in this study (training
dataset) comprised the data from 4735 lakes sampled during the Northern
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European Lake Survey in 1995 (Henriksen et al., 1998). Except for one out-
lier, the smallest catchments areas started from 3500 m2, while the largest
watershedwas over 5106 km2. The average being 107 km2, with a standard
deviation of 416 km2. TOC concentration in each lake, as well as catchment
polygons defined with a digital elevation model, were downloaded from
the NOFA database (Finstad, 2017). Nine explanatory parameters, describ-
ing each of the lake catchments, were compiled as predictor variables:
i.e., NDVI; Forest, Arable and Bog; Runoff, Precip and Temp; TNdep and
TSdep. These are briefly described below. Lake morphology parameters,
such as lake depth, were not available for the Northern Lake Survey dataset
and thus not included in the analysis. The complete procedure for prepara-
tion, extraction, and compilation, as well as the sources of data are de-
scribed in Supplementary 1.

The test dataset, provided by the Norwegian Institute for Water
Research (NIVA), comprised 1001 lakes sampled in 2019 (Hindar et al.,
2020). The sampled lakes were essentially the same ones as for the Norwe-
gian lakes in the training data set. In both surveys, the sampling was
completed in the autumn, after the seasonal turnover, so that the surface
sample represents the entire water column (De Wit et al., 2023). Each
lake of the test dataset was matched with the corresponding lake of the
1995 training dataset, in order to use the same catchment polygons, from
the NOFA database (see Supplementary 2).

Some of the variables were not strongly asymmetrical and were log-
transformed using the natural logarithm, simply denoted “log” hereafter.

• Total organic carbon (TOC) concentration in mg C/L (Fig. 2) were
extracted from the Northern European Lake Survey dataset from 1995
(Henriksen et al., 1998; Finstad, 2017) and from the 1000-lakes-survey
in 2019 (Hindar et al., 2020). As the TOC concentration values were
skewed, the data were log-transformed (logTOC) to normalize the distri-
bution.

• Normalized difference vegetation index (NDVI) (Fig. 1a) for the summer
months (June, July, and August) were downloaded from the GIMMS
database (The National Center for Atmospheric Research (2018)) and
averaged for 1994, i.e., the year preceding sampling of the Northern
European Lake Survey. For the 2019 dataset, data from 2015 are used,
as it was the latest available year in the GIMMS database.

• Mean area specific surface runoff (Runoff) values in mm/y (Fig. 1b) were
derived from the CORDEX historical model. The period 1970–2000
was used for the 1995 data, and the period 1985–2015 was used for the
2019 data (CORDEX, 2021; Kreienkamp et al., 2012). As the surface run-
off intensities were skewed the data were log-transformed (logRunoff).

• Mean annual precipitation (Precip) in mm/y (Fig. 1c) and temperature
(Temp) in °C (Fig. 1d) for the years 1970 to 2000 were downloaded
from the WorldClim database (WorldClim, n.d.) to be used as representa-
tive for the 1995 data. As the precipitation distribution was not normally
distributed the data were log transformed (logPrecip). As these climate
data were not retained in the final model, they were not downloaded
for the 2019 data.

• Proportions of peatland (Bog), arable land (Arable) and forested area
(Forest) (Fig. 1e, f, and g, respectively) within each catchment are com-
puted from the Corine Land Cover (CLC) database (Copernicus Land
Monitoring Service, n.d.), and correspond to the data of 2000, as land
use data prior to this were not available. Several CLC categories were
merged to create the three categories used in this study (see Supplemen-
tary 1). For the 2019 dataset, Corine Land Cover data for 2018were used.
Although distributions of the different land use are not normally
distributed, they were not log-transformed due to many zeros in the
data. Other transformations (square, square roots) did not contribute to
normalizing the distribution.

• Total reactive nitrogen deposition (TNdep) in mg.N/m2 and total sulfur
deposition (TSdep) data in mg. S/m2 (Fig. 1h and i, respectively) were
extracted from EMEP models as the sum of dry and wet deposition
(EMEP, 2022; “The Unified EMEP Model-User Guide”, 2012). Data from
2000 were used as these were the earliest available data, resulting in a
slight underestimation of TNdep and TSdep since deposition has

decreased since the 90s. For the 2019 dataset, EMEP data from 2019
were used.

2.2. Spatial TOC models

Larsen et al. (2011b) used a Multiple Linear regression model (LM) to
predict the effect of climate change on the spatial distribution of TOC
concentration in 1000 Norwegian lakes. In the present study, including in
addition almost 4000 lakes in Sweden and Finland, a similar linear model
is reproduced to investigate the explanatory value of the three predictors
selected by Larsen et al. (i.e., NDVI, Bog and Runoff), along with other con-
ceptually relevant predictors, for explaining the spatial differences in TOC
levels in Fennoscandian lakes. All the statistical analysis were performed
in R, version 4.1.2. (R Core Team, 2021).

The spatial autocorrelation of all predictors were determined by com-
puting Moran's I (see details in Supplementary 4). All variables were
found to be spatially autocorrelated. To take this into account, a Spatial
Error Linear Model (SELM) was fitted with the same predictors as for the
LM and the results compared. SELM was fitted using the “errorsarlm”
function from the “spatialreg” package, version 1.1-8 (Bivand, 2019).
Akaike Information Criterion (AIC) was used to compare the performances
of the models.

The SELM and LM models are fitted on the 1995 training dataset and
their slope estimates (i.e., slope β as in the simple model y = βx + c)
were evaluated both on scaled and unscaled variables. Scaled estimates β
(i.e., computed with centered and standardized variables) expresses the
response variable change in standard deviation units per unit standard
deviation change in the predictor variable, while unscaled estimates were
used to compute effect sizes (expressing the relative change in the response
variable for a given change in the predictor). Equations used to calculate
effect size for each pair of response/predictor variables are explained in
Supplementary 4.

The 2019 dataset of the 1000 Norwegian lakes survey (Hindar et al.,
2020) was used to perform a test of the space-for-time model. The model
fitted on the Fennoscandic 1995 data was used to predict TOC concentra-
tion values in the 1001 lakes in 2019, and the results were compared
with actual observations.

2.3. Forecast of TOC prediction in coastal drainage basins

Changes in TOC concentrations in costal drainage basins by year 2100
are predicted using the validated SELM. Polygons representing the coastal
drainage basins were used to cover the whole territory of Fennoscandia,
not only the studied lakes catchments. These basins are the ensemble of
the watercourses that drains into the sea within a coastal section (NVE, n.
d.). The coastal drainage basins were defined using an elevation model
delineated from a 10mdigital terrainmodel obtained from TheNorwegian,
Swedish and Finnish Mapping Authorities (Finstad, 2017). After cleaning,
the dataset is composed of 1392 watershed polygons (see Supplementary
3). The smallest coastal drainage basin has an area of 27 km2, the largest
has an area close to 49,000 km2, while the mean area is 751 km2 with a
standard deviation of 3723 km2.

Future changes in climate parameters are based on predicted changes in
climate drivers derived from the Coupled Model Intercomparison Project
(Phase 6) (CMIP6), run by the World Climate Research Program (World
Climate Research Program, n.d.) using two different SSPs (Riahi et al.,
2017): SSP1-2.6 as the best scenario, assuming the average global warming
will be limited to<2 °C, and SSP 3-7.0 as ourworst-case scenario (CORDEX,
2021; Hausfather, 2019). Several institutions run the CMIP6 models to
forecast future climate. Based on Raju and Kumar (2020), results from the
model developed by the Centre National de Recherches Météorologiques
(CRNM) were selected to extract future surface runoff intensity.

There is no forecast for NDVI in CMIP6. Summer NDVI values for 2050
and 2100 were instead predicted using a polynomial model based on
forecast for temperature and precipitations in the period 2041–2060 and
for the period 2081–2100. This model was fitted using summer months
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Fig. 1.Maps of the predictor variables: summer NDVI in 1994 (a); mean surface runoff intensity (Runoff, b), temperature (Temp, c), mean annual precipitation (Precip, d) from
1970 to 2000; proportion of peat (Bog, e), proportion of forest (Forest, f), proportion of arable land (Arable, g) for the year 2000; total nitrogen deposition (TNdep, h) and total
sulfur deposition (TSdep, i) in the 4735 lake studied catchments in 2000.
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NDVI, temperature and precipitations in 1995. The predicted future tem-
perature and precipitation values were extracted from the CRNM model.
Modelled summer NDVI and changes in this NDVI in the future are
shown in Supplementary 3.

TNdep is also not modelled for the future and is estimated depending on
the SSP. Between 2000 and 2020 the TNdep decreased due to reduced
emission of both reduced (NH3) and oxidized nitrogen (NOx), by respec-
tively 8 and 42 % (European Environment Agency, 2021). Future trends
in TNdep for the forecasts SSP 1-2.6 and SSP 3-7.0 were assessed based
on the estimation for future N emissions described above. According to
the Sixth Assessment of the IPCC report (Masson-Delmotte et al., 2021),
the NOx emissions will decrease slightly for the SSP 1-2.6 (from 11 to
9 Mt/y globally) and increase for SSP 3-7.0 (from 11 to 21 Mt/y globally),
between 1995 and 2100. There are no projections for reduced nitrogen,
instead NH3 is assumed to decrease by around 20 % between 2020 and
2100 in case of the SSP 1-2.6, and to remain constant for SSP 3-7.0.

2.4. Selection of predictor variables

2.4.1. Spatial distribution of predictors
Spatially distributed data of the mean values of summer NDVI, Runoff,

Precip, Temp, Bog, Arable, Forest, TNdep and TSdep were assessed as
possible predictors to be used in the SELM. Catchment means of these
variables, describing each of the 4735 lake catchments in Fennoscandia,
are shown in Fig. 1.

2.5. Pearson correlation coefficient, autocorrelation, and variance inflation
factor

Predictor variables that are strongly correlated (multi-collinear) reduce
the robustness of multiple linearmodels and the precision of their estimates
(Vittinghoff et al., 2012). This intercorrelation is disclosed by investigating
the Pearson correlation coefficients (r) for each pair of variables, shown in
Table 1. In addition, the Moran's I of each variable was calculated (Fig. 2),
estimating the spatial autocorrelation for each variable. Considering the
substantial number of observations, the maximum Moran's I value for a
non-autocorrelated variable would be 2.1∙10−4. All variables in this study
had a Moran's I above this limit, indicative of a high degree of autocorrela-
tion. Finally, the Variance Inflation Factor (VIF) (James et al., 2013),
indicating the severity of multi-collinearity due to a single predictor, was
computed, and presented in Fig. 2.

The Pearson correlation coefficient matrix in Table 1 highlights several
groups of predictors that are strongly correlated. TNdep, TSdep and Temp
are closely correlated, especially TNdep and TSdep with r = 0.97. The cor-
relation coefficient between TNdep and Temp is 0.85, and the correlation
coefficient between TSdep and Temp is 0.88. This is because both N and
S deposition are mainly from long-range transported atmospheric pollution
from sources in Europe located to the south of Fennoscandia. The deposi-
tion of nitrate and sulfate is thus higher in the southern regions of
Fennoscandia, where also the temperature is higher. Additionally, the
high correlation is partly due to that both S and N deposition are based
on emission inventories that are calculated using the same meteorological
model. TSdep also has the highest VIF (21.15), followed by TNdep
(16.97). Likewise, Temp, TNdep and TSdep have a remarkably high
Moran's I (all around 0.9), reflecting their similar spatial pattern. Because
of the strong interaction between these three predictors, only one can be
used in the model. Although the decrease in TSdep has been documented
by several studies as the main driver for the temporal increase in TOC
concentration (Monteith et al., 2007), we chose instead to keep TNdep as
a predictor for atmospheric deposition in this study. TSdep has decreased
substantially since the 80s, though soil acidification is still driven by the
deposition of reduced and oxidized nitrogen (Lepori and Keck, 2012). In
addition, reactive N is biologically relevant, being generally the limiting
factor for terrestrial primary production, and has been shown to enhance
C storage in biomass (Schulte-Uebbing and de Vries, 2018) and in soils
(Janssens et al., 2010).

Forest and summer NDVI were also closely correlated (r = 0.58)
although they do notmatch as closely as could perhaps be expected. Despite
the finer resolution of the Corine Land Cover dataset for forest land cover,
logTOC is slightly stronger correlated to summer NDVI (r = 0.68) than to
Forest (r = 0.62). Moreover, NDVI reflects the density of the vegetation,
and thus likely represents a better indicator for total standing biomass. Like-
wise, summer NDVI better reflects the photosynthetic activity of plants by
representing greenness. Finally, the VIF of summer NDVI was lower than
that of Forest (1.83 compared to 2.59), showing that it is less correlated
to the other predictor variables. Therefore, only NDVI was kept as the
vegetation biomass proxy in this study.

LogRunoff and logPrecip were also strongly positively correlated (r =
0.58). LogPrecip had a higher VIF than logRunoff (5.17 compared to
5.38), showing more general correlation to the other predictors, and a
higher Moran's I (0.89 for logPrecip, compared to 0.79 for logRunoff). Con-
ceptually, surface runoff is a more relevant predictor for TOC export from
catchment to surface waters than precipitation, as the part of the precipita-
tion that evapotranspires or infiltrates into ground reservoirs do not reach
the surface water bodies. Moreover, logRunoff is stronger correlated to
logTOC (r=−0.67) than logPrecip (r=−0.51). LogRunoff was therefore
selected as the preferred NOM transport related predictor in the model.

The proportions of Bog and Arable land were not strongly correlated to
any other variable (Table 1), and both had low VIF and Moran's I (Fig. 2).
Therefore, both were kept in the model as explanatory variables for TOC.

3. Results and discussion

3.1. Modelling of TOC concentration on the Northern Lake Survey dataset

Amultiple LinearModel (LM) and amultiple Spatial Error LinearModel
(SELM) were fitted for the log of TOC using the 5 predictors selected in the
previous section. SELM takes into account the spatial autocorrelation of
predictor variables in the error term of the regression. To compare the
two models, the Akaike Information Criterion (AIC) was calculated. AIC
for each model is presented in Supplementary 1.

Bothmodelswerefittedwith andwithout scaled variables. This allows a
comparison of scaled estimates with the actual effect size for each predictor

Table 1
Correlation plot for predictor variables.
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variable (Fig. 3). Centered and scaled estimates (hereafter referred to as β),
fitted on response and predictors variables, show the degree of contribution
of each predictor to the response variable value. But this is in units of the
local standard deviations of the variables, which complicates the generali-
zation to other regions. The effect sizes are instead expressed as percent
change in TOC concentration caused by a 1% relative change, as explained
in Supplementary 4: 1 % increase in summer NDVI (0.01 on the NDVI
index); 1 % increase of surface runoff; 1 % increase in either Forest, Bog
or Arable land coverage proportion; and a 25 mg/m2 increase of nitrogen
deposition (i.e., 1 % of the max TNdep). These relative changes of 1 %
are arbitrarily chosen to represent the relative impact of each predictor
variable on a comparable basis. This means that a 1% change of the predic-
tor x, with an effect size δx in catchment A with initial TOC concentration
TOCA would result in a final TOC concentration of TOCA + δx × TOCA.

Summer NDVI is the strongest predictor for logTOC in both LM and
SELM. LM gives a higher impact to NDVI, with an estimate of 0.5 and an ef-
fect size of 4.02 %, while SELM gave a scaled estimate of 0.4 and an effect
size of 3.27 % (Fig. 3).

LogRunoff had high scaled estimates, especially for the LM with β=
-0.38, while SELM had β= -0.15. The effect size of a 1 % increase in
logRunoff has a negative effect on TOC concentration (−0.68 % for LM
and − 0.27 % for SELM) (Fig. 3). A plausible conceptual rationale for this
negative effect is that the overall dilution effect is on average stronger
than the increased episodic flushing of NOM. The spatial distribution of
TOC concentration could also impact this result, as the highest surface
runoff values are in steep mountain areas in the west coast of Norway,
where soils are thin, and TOC concentrations are low.

Bog, despite its low correlation with logTOC (0.08), has relatively high
scaled estimates (0.13 for LM and 0.14 for SELM) and effect sizes (0.81 %
for LM and 0.9 % for SELM) (Fig. 3). This is bolstering the role of bog
coverage as an important spatial predictor for TOC concentration. Still,
bogs evolve slowly, and their area-wise proportion is assumed to be
constant over timescales relevant for this assessment. They can however

experience short-term extreme events, such as droughts that are predicted
to occur with increased frequency (Helbig et al., 2020). However, since
we base our TOC forecast on 20-year averages of the main predictors
(precipitation and temperature to predict NDVI, as well as surface runoff),
the impact of extreme events on the TOC average is considered limited.

Arable land has negligible impact on TOC, along with a relatively low
negative effect size (0.13 % for LM and 0.1 % for SELM) (Fig. 3). Agricul-
tural soils store indeed less carbon than forest soils and bogs (FAO and
ITPS, 2020), though the use of phosphate fertilizers may affect the primary
production and thus the levels of autochthonous NOM in lakes through
eutrophication. This effect does however not appear to be a preponderant
factor governing NOM levels in the studied region.

TNdep has positive impact on TOC concentration (r = 0.32), with both
relatively high positive scaled estimates (0.08 for LM and 0.1 for SELM) and
effect sizes (0.42% for LMand 0.52% for SELM) (Fig. 3). The positive effect
of TNdep on TOC may on the one hand be surprising as the deposition of
acid rain, including the strongly correlated TSdep, is known to have a
negative impact on TOC concentration in several studies (Monteith et al.,
2007). The positive effect of TNdep may instead be due to a spatial co-
variation, as the TNdep is higher in the southern and warmer part of
Fennoscandia, where high summer NDVI drives the high TOC concentra-
tions. It can also be driven by the fertilizing effect of accumulating TNdep
in the biomass. Future impact of reactive nitrogen deposition depends on
public policies, as it is linked to combustion of fossil fuel and agricultural
practices in central Europe. Here, the effect size is calculated for an increase
of 25 mg/m2 of TNdep, though TNdep might either decrease in the coming
decades (SSP 1-2.6) or remain stable (SSP 3-7.0) compared to 1995.

The SELM model had a lower AIC than the LM model (see Supplemen-
tary 1). It also resulted in estimates being less extreme than the LM. Espe-
cially, summer NDVI and Runoff have lower estimates and effect sizes
with SELM than with LM. On the other hand, TNdep had higher estimate
and effect size with SELM compared to LM. This shows that the SELM
model is more balanced and less likely to over- or underestimate the impact

Fig. 2. a) Map of TOC concentration (mg C/L) in Fennoscandian catchments in 1995. b) Moran's I (i.e., spatial autocorrelation), Variance Inflation Factor (VIF)
(i.e., multicollinearity) between predictor variables, and Pearson correlation coefficient with logTOC. Moran's I higher than 0.8, VIF higher than 5 and r higher than 0.5
are highlighted in red. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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of each predictor. Moran's I of the residuals is higher for the LM than for the
SELM, showing a stronger spatial pattern of the errors in LM. The SELM
model performs therefore better in predicting TOC concentration in boreal
lakes and is assessed further in the next section.

3.2. Validation against a new 1000-lakes-survey

The results of the validation test of the space-for-time model show that
the SELMmodel fitted with the training data from 1995 of the five selected
predictors gives satisfactory results. logTOC predictions were made from
the 1995 model using input data from 2019. The Pearson correlation coef-
ficient between these predictions and the actual observations from 2019
was 0.84. However, the model tends to over-estimate TOC concentrations
in lakes with very low initial TOC concentrations (< 1 mgC/L), typically
alpine oligotrophic lakes, and under-estimate the TOC concentrations in
dystrophic lakes that had high initial TOC concentrations (>7,5 mgC/L),
particularly in the south-eastern part of Norway (Fig. 4b).

This space-for-time approach employs a set of explanatory values taken
at a snap-shot moment in time from a large variety of catchment types to
model future changes. The relationships between explanatory parameters
and the TOC response parameter at any single site is a result of biogeochem-
ical processes that have evolved in the soils since the last glacial epoch
(i.e., about 15,000 years), e.g., the long-term processes of generating the
pool of soil organicmatter. That catchments in themiddle of the Norwegian
mountains are predicted to have a higher TOC concentration in 2019
compared to the actual observations (Fig. 4b) is hence likely due to a recent
increased NDVI in these regions (i.e., due to climate and land use change),
not yet followed by the soil formation that a catchment with a similar NDVI
value in 1995 would have had. On the contrary, the TOC concentration of
lakes in south-east Norway are mostly under-estimated since in 1995 the
TOC was still suppressed by S-deposition. High TNdep, being strongly
correlated to TSdep, would have meant low TOC concentration, while in
2019 the role of TNdep as a predictor is more related to the positive fertil-
izing effect of accumulating reactive N in the watersheds than the negative
acid rain effect.

Having in mind these potential discrepancies, this space for time model
can be used to obtain an indication of future TOC concentration under

various climate scenarios, as the prediction range and the trends predicted
in this study nevertheless serves as a good indication in most catchments.

3.3. Forecast with SSP1-2.6 and SSP3-7.0

Future average TOC concentrations were modelled for 1392 coastal
drainage basins in Norway, Sweden, and Finland.

As each coastal drainage basins comprise several lakes and catchments,
there exists no empirical data for their respective average TOC concentra-
tion in their various water bodies. Therefore, the first step was to compute
the TOC concentration in 1995 using the SELM model that was fitted and
verified in the above section. In a second step, forecasts of the predictor var-
iables Temp, Precip and Runoff were extracted from CMIP6 climatemodels
based on two climate scenarios: i.e., SSP1-2.6 (global warming limited to
<2 °C) and SSP 3-7.0 (global warming up to 4 °C). Summer NDVI was
then modelled based on the Precip and Temp using a polynomial model,
as described in Larsen et al. (2011b), though based on a beta distribution
to constrain NDVI predictions between 0 and 1. The linear models
were fitted with beta distributed response and logit link using the betareg
package (Cribari-Neto and Zeileis, 2010), version 3.1-4, for R (see Supple-
mentary 3).

Future trends in TNdep were assessed based on estimations from
IPCC as described above. According to their predictions following the
SSP1-2.6 there will be a net decrease in TNdep through 2050 to 2100 and
a net increase in the SSP 3-7.0 forecast. Finally, the average TOC concentra-
tion was modelled for two time periods: 2041–2060 and 2081–2100
(abbreviated as “2050” and “2100”). The details of predictor extraction
and model fitting are presented in Supplementary 3.

Fig. 5 shows the difference between logTOC in 2050 and 2100,fitted for
the different climate scenarios, relative to logTOC fitted for the coastal
drainage basins based on the 1995 data. Coastal drainage basins are used
in order to cover all of Norway, Sweden and Finland, and not only the
lakes selected in the Northern Lakes Survey. This provides a better
overview of future trends and enables a prediction of TOC export to coastal
waters. Over- or under-estimation of TOC concentration, identified by the
test on 2019-data, are assumed to be partially compensated by this
double-fit. Moreover, the TOC is forecasted as an average over a 20-years

Fig. 3. Comparison of scaled estimates and effect sizes for a 1 % increase in the predictor variables using LM and SELMmodels, based on the Fennoscandian dataset with the
5 selected predictors. The s. prefix indicates that the variable is centered and scaled.
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Fig. 4. Test of the SELMmodel, a) TOC concentration (in mg C/L) in 1995 and in 2019, b) predicted vs. measured logTOC; c) map of the spatial distribution of the difference
between measured and fitted logTOC.
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Fig. 5. Forecast of changes in TOC concentration (%) under SSP1-2.6 and SSP3-7.0 climate scenarios. The 5% basins with the highest increase of TOC (> 307% increase) are
represented in black.
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period, which reduce the “snap-shot” effect by considering a certain
adaptation time of the system, although it does not account for centennial
processes.

The forecasts of average TOC concentration show similar pattern of
changes under both the SSP1-2.6 and SSP3-7.0 scenarios, with the latter
representing more extreme changes (Fig. 5). The strongest increase in
TOC is predicted in the south-east of Sweden and south-west of Finland,
while there is predicted a slight decrease in mountain areas in Norway
and in some northernmost basins. Themodelled changes of TOC aremainly
governed by a combination of forecasted changes in NDVI, runoff and
TNdep, with different relative effects varying between regions. A loss of
TOC from oxidation and sedimentation occurs along the watercourse,
inherently dependent on the distance from the headwater origin to the
coast (Weyhenmeyer et al., 2012). It should thus be noted that this assess-
ment neglects the potential effect of increased TOC retention due to longer
water courses in the coastal drainage basins compared to the catchments
used in the training data set.

In the western and northern basins changes in TOC are basically driven
by the forecasted changes in NDVI (see Supplementary 3), reflecting the ex-
pected changes in biomass, which is mainly governed by the temperature
increase. A main effect of this increase is the longer growing seasons and
thereby a larger biomass production in forests, alongwith a faster biodegra-
dation rate of soil organic matter. This increase in growth is supported by
sustained amount of precipitation in most of Fennoscandia, if not an
increase as for the Norwegian western coast. This limits the potential for
soil dryness and water stress, even though water lost by evapotranspiration
will increase (D'Orangeville et al., 2018; Gauthier et al., 2015). Inmountain
regions of the Norwegian west coast, where increase of precipitation is
highest, NDVI decreases in both SSP pathways. Indeed, at high altitudes,
negative winter temperatures allow for increased snow fall with increased
precipitation. This in turn impedes vegetation growth at these high
altitudes, which are scarcely vegetated areas that are sensitive to the
number of snow cover days (Asam et al., 2018). This can partly explain
the predicted decrease in mean TOC concentration in this region.

In this space-for-time approach, the chain of processes between biomass
production and carbon storage in forest soils are not integrated. Actually,
there will be a delay before the export of TOC from soils to surface starts
to increase or decrease in turn. Nevertheless, these results can be used as
a good trend indicator. It is worth noting that, in this model, the northern-
most, small coastal drainage basins display a significant increase in TOC (up
to 300%), thatmatches a strong increase in temperature (up to 10 degrees).
However, the NDVI model over-estimates the summer NDVI in these
regions (see Supplementary 3). On the other hand, the effect of thawing
permafrost, as a driver of increased export of TOC (cf. Abbott et al.,
2014), is not accounted for in this study since permafrost cover very limited
areas in the northernmost areas.

These changes in NDVI do not account for the forest policies imple-
mented by Norway, Sweden, and Finland to capture and sequester carbon
dioxide to fulfill their Paris agreement obligations (Vogt et al., 2022). The
specific relationship between the proportion of forest in the catchment
and TOC concentration are provided in Supplementary 5. Nonetheless, an
increase in forest cover would lead to an increase of NDVI, so the results
of the model runs may serve as an indication of the impact of this increased
planting of climate forest on TOC concentration.

Forecasted trends in surface runoff intensity resemble changes in sum-
mer NDVI patterns and often match the TOC concentration evolution in
the same manner. A strong decrease of surface runoff was modelled in
small coastal drainage basins on the Norwegian western coast. This is likely
caused by poor performance of the runoff model in this region due to its
steep topography. Still, this has a limited impact on the overall TOC fore-
cast. Besides these small basins, the regions with increased surface runoff
(i.e., Norwegian mountains, and some basins in northern Sweden) will,
due to stronger dilution, experience less increase or even a decrease in
TOC concentration, compared to the regions with decreasing surface
runoff, such as southern Sweden and Finland. The largest increases in
TOC concentration are predicted to happen in these areas (Fig. 5). In

some very small coastal basins, mostly in South-east Sweden, changes are
predicted to exceed +400 %. These should be judged with care and are
likely caused by the low resolution of the predicting variables in tiny catch-
ments. However, our model also predicts the doubling or tripling of TOC
levels in some of the larger basins in south-east Sweden. NDVI is predicted
to increase only slightly in these areas, and even to decrease in some coastal
basins. The significant decrease in surface runoff could therefore explain
this forecast, by reducing the dilution of TOC exported from land to water.

Our model does not consider seasonal patterns of surface runoff, which
will be more impacted by climate change than the average yearly surface
runoff (Hanssen-Bauer et al., 2017). Summer runoff will decrease in most
regions, due to earlier snowmelt andmore evapotranspiration,whilewinter
runoff is predicted to increase in most regions. These changes may have
antagonistic effects on the yearly average TOC concentration: mobilization
of soil organic carbon will increase during the winter and spring (Håland,
2017), while increased residence time of the TOC in lakes will allow for
more enhanced photo- and biodegradation of the NOMduring the summer.
Whether higher fluxes and mineralization rate lead to a net higher or lower
yearly average NOM concentration in surface water is subject to discussion
(De Wit et al., 2016). The SELM shows that the dilution effect (i.e., more
surface runoff means more surface water) prevails over the mobilization
effect, though this requires more investigation.

Finally, accumulation of reactive nitrogen also affects regionally the
predicted levels of TOC. The TNdep predictions are only based on emissions
targets from the AR6 report (see Supplementary 3) and applied evenly on
Fennoscandia: the following trend must therefore be interpreted with cau-
tion. In the SSP 1-2.6, final levels are reached in 2050. In the SSP 3-7.0, the
trend for decrease nitrogen emissions between 1995 and 2015 is reversed
during the rest of the century, leading to no overall change. In southern
Norway and in the south-western part of Sweden no large changes of
TOC levels are predicted, except in SSP 3-7.0 in 2100. A slight increase in
NDVI and a decrease in runoff should have led to an increase in TOC con-
centration, but as TNdep is projected to decrease significantly under
SSP1-2.6 scenario, the predicted TOC increase in these regions is limited.
On the contrary, under SSP3-7.0, there is no significant change in the rate
of TNdep in 2100 compared to 1995. This modelled effect is likely a conse-
quence of the inherent weakness in the space-for-time approach as it likely
reflects the spatial location of TOC-rich surface waters in southern catch-
ments with higher mean temperatures, even though there is a potential fer-
tilization effect of TNdep. In addition, chronic TNdep has been reported to
have a positive effect on TOC concentration by that TNdep limit microbial
respiration and root activities in soils, reducing soil organicmatter mineral-
ization rates and thus increasing the pool of TOC readily exportable to
surface water (Bowden et al., 2004; Janssens et al., 2010; Ramirez et al.,
2012). However, the projected future changes of TNdep were roughly esti-
mated in this study and depend largely on regulations concerning fossil
fuels burning and agricultural practices. A finer evaluation of the potential
evolution of public policies would be necessary to refine the contribution of
future TNdep to TOC concentration in surface waters.

3.4. Coastal darkening

Modelling TOC concentration in coastal drainage basins provides an
estimate of future TOC export to the Baltic Sea and the Norwegian coast
from Fennoscandia. Most coastal drainage basins in Sweden and Finland
drain into to the Baltic Sea (see Supplementary 2), while Norwegian coastal
basins drain to Skagerrak, the North Sea, the Norwegian Sea and the
Barents Sea (Sætre, 2007). All contribute to the Norwegian coastal current
(NCC) freshwater with 50 % coming from the Baltic Sea and 40 % from
Norway. The estimated exported TOC from each coastal drainage basin
was computed as:

TOCexp ¼ TOC½ � mg:L−1� �� Runoff L:m2:y−1� ��Watershed area m2� �

Past and future TOC concentrations (mg C/L) were obtained by taking
the antilog of logTOC. The result of the above equation, giving the amount
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of TOC exported inmg C/y, is then converted to Tg. Forecasts are presented
in Fig. 6.

The amount of TOC exported is in the same order of magnitude as the
estimations of De Wit et al. (2015) for Norway, who estimated an export
of 0.96 Tg C/y in the period 1990 to 2008, for Norway alone. For
Finland, our estimations are higher than those reported in Räike et al.
(2016), who reported a yearly export of TOC from Finnish catchments to
the Baltic Sea to be 0.92 TgC/y. Under the SSP 1-2.6 scenario, the export
of TOC into the NCC will decrease by −0.1 Tg by 2050 compared to
1995, and by −0.2 Tg in 2100. On the contrary, under the SSP 3-7.0 sce-
nario, the total TOC import into the NCC increases by 0.2 Tg in the forecast
for 2041–2060, and by 0.4 Tg for the period 2081–2100. Swedish coastal
drainage basins would contribute most to these changes. Associated with
higher surface temperature, this browning of coastal water could lead to
later spring bloom and spawning time.

These estimates do not account for mineralization and sedimentation of
TOC along the water continuum, and hence we present a maximum esti-
mate of coastal export where TOC entering the water system is transported
all the way to the sea without losses. This “passive pipe” vision has been
challenged by Cole et al. (2007), who highlighted the processes that organic
matter undergoes along the water system. Photo-mineralization, respira-
tion and sedimentation remove organic carbon from the water (Tranvik
et al., 2018). Although the magnitude of this loss remains uncertain, it
could be as high as 30 to 70 % (Algesten et al., 2004). In addition, this
loss of organic C will, in turn, be impacted by changes in hydrology and
temperature. Decreased retention time limits the degree of mineralization.
An increase in runoff thus results in the export of less processed, more
colored organic carbon to coastal waters (Weyhenmeyer et al., 2012). On
the contrary, increased temperature favor higher mineralization rates in
soils (Hicks Pries et al., 2017) and in water (Hanson et al., 2011).Moreover,
microbial respiration rate also depends on the chemical composition of the
freshwater (Crapart et al., 2021), which is impacted by land-use and atmo-
spheric deposition. Sedimentation rates might also increase, without
enhancing C-storage because of parallel increased decomposition rates
(Velthuis et al., 2018). It should be remarked, however, that since these
losses affect both current and future exports, the relative change in export
should be less affected by “leaky pipe” processes than the absolute rate
estimates.

4. Conclusion

This study demonstrates the relevance of using space-for-timemodels to
forecast future regional environmental changes in TOC concentration in
freshwater. The TOC concentration was best predicted by a linear spatial
error model, with catchment characteristics as predictors. Long-term pro-
cesses working on the catchment characteristics are not taken into account
in the space-for-time approach. Nevertheless, the simulated changes from
1995 to 2019 were in good agreement with measured values (r = 0.84).
NDVI, being a good proxy for the amount of biomass in the catchment, is
a major predictor for TOC concentration. Surface runoff intensity was also
a significant predictor with a negative effect on TOC concentration. The
proportion of bogs in the catchment was a good spatial predictor for TOC
concentration in lakes, while the proportion of arable land had almost no
effect. Finally, a sustained atmospheric deposition of reactive nitrogen
will, according to the model, have significant positive effects on the TOC
concentration in lakes.

The forecast of TOC changes within this century indicates a slight
decrease of total TOC export from Fennoscandia in the SSP1-2.6 scenario
(−0.2 Tg in 2100) and an increase in the SSP3-7.0 scenario (+0.4 Tg).
Under the SSP1-2.6 scenario, seasonal antagonistic effects of changes in
predictors outweigh each other in several of the coastal drainage basins.
In particular, the decrease of nitrogen deposition compensates the increase
in biomass in southern Norway, limiting the increase of TOC amount in
freshwater.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.scitotenv.2023.161676.
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Abstract: Dissolved Natural Organic Matter (DNOM) is a heterogeneous mixture of partly degraded,
oxidised and resynthesised organic compounds of terrestrial or aquatic origin. In the boreal biome, it
plays a central role in element cycling and practically all biogeochemical processes governing the
physico-chemistry of surface waters. Because it plays a central role in multiple aquatic processes,
especially microbial respiration, an improved understanding of the biodegradability of the DNOM
in surface water is needed. Here the current study, we used a relatively cheap and non-laborious
analytical method to determine the biodegradability of DNOM, based on the rate and the time
lapse at which it is decomposed. This was achieved by monitoring the rate of oxygen consumption
during incubation with addition of nutrients. A synoptic method study, using a set of lake water
samples from southeast Norway, showed that the maximum respiration rate (RR) and the normalised
RR (respiration rate per unit of carbon) of the DNOM in the lakes varied significantly. This RR is
conceived as a proxy for the biodegradability of the DNOM. The sUVa of the DNOM and the C:N
ratio were the main predictors of the RR. This implies that the biodegradability of DNOM in these
predominantly oligotrophic and dystrophic lake waters was mainly governed by their molecular
size and aromaticity, in addition to its C:N ratio in the same manner as found for soil organic
matter. The normalised RR (independently of the overall concentration of DOC) was predicted
by the molecular weight and by the origin of the organic matter. The duration of the first phase
of rapid biodegradation of the DNOM (BdgT) was found to be higher in lakes with a mixture of
autochthonous and allochthonous DNOM, in addition to the amount of biodegradable DNOM.

Keywords: biodegradability; DNOM; sUVa; nutrient status; boreal lakes; browning

1. Introduction

The amount of Dissolved Natural Organic Matter (DNOM) in boreal surface waters
typically exceeds in mass the content of inorganic constituents, and carbon associated with
DNOM by far exceeds the biotic pools of C [1]. This DNOM, being a very heterogeneous
mix of partly degraded organic compounds, has a profound effect on the cycling of carbon
(C) and associated elements such as nitrogen (N) and phosphorus (P), in addition to the
physicochemical characteristics of surface waters. During recent decades, the concentra-
tions of DNOM in surface water have increased, especially in boreal lakes [2]. In these
aqueous systems most of the DNOM is allochthonous, i.e., derived from the catchment [3].
The main driver for the ongoing rise in DNOM is the increase in terrestrial biomass (green-
ing), rendering more organic matter in the soils available to be partly decomposed and
leached out, causing surface water browning [4,5]. This is due to the rise in mean tem-
peratures and to the increase in forest biomass [6], which, e.g., reached 29% in southeast
Norway between 1971 and 2000 [7]. A concomitant factor is the increasing runoff and
runoff intensity. This causes shifts in soil–water flow paths, with more water flowing
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through the organic-rich forest floor horizons before entering the stream, bypassing the
absorptive capacity of the deeper mineral soil. A third major factor applies to regions
heavily exposed to acid deposition in the 1970–1980s. Since then, sulphur (S) deposition
has decreased by up to 90% in the previously most affected areas in southern Norway.
The subsequent decrease in ionic strength, in addition to Al3+ and H+ concentrations,
has increased DNOM solubility and reduced its flocculation, increasing its flux to surface
waters [8,9]. However, the decrease in S deposition has subsided, and the effect of this
driver no longer contributes significantly to the present increase in DNOM.

The increased concentrations of DNOM in lakes have, in turn, significant impacts on
the lake ecosystem. The increasing content of chromophoric DNOM (CDOM) reduces light
penetration and thereby the depth of photosynthetic active radiation [10]. Concurrently, the
increased contribution of allochthonous carbon boosts microbial metabolism and therefore
enhances heterotrophic respiration. This is potentially boosting the net emission of the
greenhouse gases (GHGs) CO2 and CH4 [11], promoting the role of boreal lakes as hot-spots
for GHG emissions [3].

The bioavailability of DNOM to bacterial respiration is known to mainly depend on
its molecular weight and aromaticity, with the low molecular weight (LMW) and more
saturated moieties of the DNOM being most biodegradable [12]. Allochthonous DNOM has
a generally higher molecular weight (HMW) and is more aromatic than DNOM produced
in situ (autochthonous) [13]. Nevertheless, due to the large flux of DNOM from boreal
catchments, the allochthonous DNOM constitutes a significant fraction of the bioavailable
organic C in their surface waters. In addition, the DNOM contents of key nutrients, such as
N and P, are important for both autotroph and heterotroph production of boreal lakes [11].
In addition, photodegradation, or photobleaching, transforms the aromatic HMW DNOM
moieties into more saturated and more LMW DNOM compounds that are thus more
bioavailable [14]. Insights into the factors governing the microbial respiration of DNOM
(i.e., its biodegradability) are important for assessing the transformation of organic C to
CO2.

The objective of this study was to assess the temporal dynamics of DNOM biodegrad-
ability in a wide range of boreal lakes with different quantities and qualities of DNOM. This
measure of biodegradability differs from end-point measurements of the biodegradable
amount of organic carbon (BDOM), estimated either by the decline in oxygen concentra-
tion or the increase in CO2 emissions, or by analysing the content of DOC [15]. During
incubation, the decline in oxygen (O2) concentration is monitored over time with gas
sensors, providing a measure of the maximum speed at which bacteria consume O2 (i.e.,
respiration rate (RR), DOC normalised RR (RRn), and duration of rapid biodegradation
(BdgT)) that relates to the physicochemical properties of the DNOM and other water quality
properties. Optical sensors for dissolved oxygen have previously been used to measure
the biodegradability of organic pollutants under incubation [16]. The estimation of the
respiration rate of organic matter with optical sensors has been previously undertaken
in our group [17–20]. The large scale of the current study allows a standardisation of
the method, including the development of a script for the extraction of biodegradability
parameters and the comparison of the respiration rates in a large variety of samples.

2. Materials and Methods
2.1. Water Sampling

Surface water samples from 73 lakes in southeast Norway (Figure 1) were collected in
autumn 2019 for detailed biogeochemical studies by the Centre for Biogeochemistry (CBA)
at the University of Oslo, Norway. They were selected as a subset of the lakes sampled
during the national lake survey, itself repeating the sampling of previous campaigns
conducted in 1986 and 1995 [21,22]. These lakes span a wide range of water quality
properties, notably DNOM, covering different catchment sizes and elevations. Most
Norwegian lakes are oligotrophic or dystrophic, although a few of the lakes in the selection
have mesotrophic or eutrophic characteristics (Figure S1).
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Figure 1. Map of South Norway with the 73 sampled lakes and their DOC concentration (in mg/L)
as a proxy for DNOM.

2.2. Explanatory Water Quality Factors

The biodegradability of DNOM (RR, RRn and BdgT) from the 73 sampled lakes was
related to more than 80 variables, describing the DNOM quality, in addition to the physical,
chemical, and biological characteristics of the lake samples. The complete dataset and
details about the experimental settings for the measurement of these variables are available
on an online repository dedicated to the survey [23] and a summary is available in the
Supplementary Material (Table S1). From these 80 parameters, 27 were selected as ex-
planatory parameters based on their conceptual relevance. Empirical and conceptual links
between the derived biodegradability descriptors and the following explanatory parame-
ters were thus assessed: DOC normalised UV and VIS absorbance (sUVa = Aλ254 nm/DOC,
sVISa = Aλ400 nm/DOC), UV/VIS absorbance ratio (SARuv), and spectral slope ratio
(SR = Aλ275–295/Aλ350–400), along with DOC concentration, pH, alkalinity, lake tem-
perature (T), conductivity (EC), O2, CO2, N2O and CH4 concentration, consumption and
production, major cations (Calcium (Ca), Magnesium (Mg), Sodium (Na), Potassium (K))
and anions (Sulphate (SO4), Chloride (Cl)), Iron (Fe), Aluminium (Al), dissolved reactive
Nitrogen and -Phosphorus (DN, DP), carbon to nutrient ratios (C:N, C:P), and bacterial
abundance. The gas concentration, consumption, and production were obtained from a
concomitant experiment, independent of the biodegradability measurements [11,24]. It
should be noted that the nutrient concentrations applied for the statistical analysis is the
original concentration in the sample water, not the concentration after the addition of
nutrients for the incubation experiment.

As commonly found for environmental concentration variables, most of the ion and
nutrient concentration data were not normally distributed, but rather skewed towards
higher concentrations. Therefore, the concentration data were log transformed prior to
analysis, except for pH, which is already in logarithmic form. Optical proxies of DNOM
characteristics and cell counts where normally distributed and thus not log transformed.
The dataset was standardised prior to regression analysis in order to ease the comparison
of the effect size [25].
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2.3. Determination of Biodegradability

A detailed description of the experiment protocol is available online [26] and pro-
vided in the Supplementary Material (Chapter B). The main principles and concepts are
summarised in the following.

2.3.1. Sample Preparation for Biodegradability Analysis

At the sampling sites, a bucket of raw water was collected with a sampling rod close to
the outlet of the lake, approximately 4 m from the shore. A quantity of 50 mL of raw water
was filtered through a sterile 0.22 µm cartridge (Sterivex-GP Pressure unit filter, rinsed by
pipetting 120 mL raw water through cartridge before sampling) to remove bacteria and
eucaryotes. The samples were transported and stored at 10 ◦C in polyethylene bottles.
Biodegradability measurements were conducted within 7 days after sampling. All batches
of inoculum were prepared from a 50 L sample of water containing natural microbial
communities (mainly bacteria) collected on September 8th, 2019, from one of the 73 sites,
the dystrophic lake Langtjern ecological monitoring station (NIVA, 2021). After sampling,
the water was filtered through 2.0 µm Isopore Membrane Filters to remove zooplankton.
The water was then stored until use at in a closed tank at 10 ◦C with water circulation.

Three to five days prior to each incubation, the inoculum was prepared with 100 mL
of the filtered water withdrawn from the tank and 1 mL of a solution of nutrients (5 mM
ammonium nitrate and 5 mM dipotassium phosphate) to ensure unlimited growth of the
bacterial community.

2.3.2. Incubation

The inoculum was added to each sample prior to the incubation, along with ample
amounts of nutrients (same solution of 2:1 N:P as for the inoculum). N and P were added
to ensure that the only limitation for the respiration rate at maximum O2 consumption
was the biodegradability of the DNOM substrate, and thus that the biodegradability was
primarily governed by the DNOM quantity and quality. A quantity of 0.25 mL of the
inoculum solution and 0.25 mL of nutrient solution were added to 25.0 mL of the water
sample, which means that 1% of the sample volume was added of both solutions. Therefore,
the final concentration of nutrients in the biodegradation samples was 4- to 20-fold higher
than that of the lake water with respect to N, and around 1000-fold for P. Aliquots of 5 mL
samples were transferred into gas-tight PreSens SensorVials and placed on a PreSens plate
(PreSens Precision Sensing, Regensburg, Germany) that holds 24 vials. Five samples with 4
replicates each were run in parallel, along with 3 blanks (5 mL of Type-1 water) and a house
standard (solution of 20 mg C/L, prepared from Reverse Osmosis and freeze-dried isolate
from Hellerudmyra, the source of The Nordic Humus Standard [27]). We did not include
samples without added nutrients, because pilot studies showed very little biodegradation
during the incubation period in that case. The 5 mM concentration for the stock solution of
phosphate and ammonium nitrate was based on pilot studies, showing an increasing effect
on biodegradation up to 5 mM, which levelled off above this concentration.

Three phases are commonly observed during incubation experiments [28]. During
the initial phase, or “lag phase”, the inoculated bacterial community adapts to its new
environment and substrate. During this phase oxygen consumption is low. Some activity
is nevertheless taking place because the bacteria are synthesising new enzymes adapted
to the new substrate, though no significant biodegradation occurs [28]. Following this
phase, the bacterial respiration of the DNOM increases. The maximum rate of oxygen
consumption obtained during a linear phase is used as a measure of RR of the DNOM
and thus a proxy for its biodegradability. Eventually, a decrease in respiration occurs due
to limitation in BDOM, lack of O2, or an accumulation of toxic wastes from the bacterial
community. This phase subsides on a stationary plateau where the decrease in O2 is low.
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2.3.3. Inoculum Composition

A standardised inoculum from one site was used in this study. This could represent a
bias relative to site-specific properties and CDOM qualities. It was nevertheless assumed
that the large biodiversity of bacteria in freshwater enables the population to adapt dur-
ing the lag phase to the range of water qualities and DNOM substrates assessed in this
study [29]. To test the assumption of microbial similarity, the bacterial community composi-
tion in Langtjern (the origin of the inoculum) was compared with that of the other 72 lakes.
For this purpose, the Sterivex filter cartridges, used to remove bacteria and eucaryotes from
the samples (Section 2.3.1), were liquid nitrogen frozen immediately after use on-site. Total
DNA was extracted from each filter using a DNesay PowerWater Sterivex Kit (Qiagen,
Hilden, Germany). Bacterial SSU rRNA gene amplicons were sequenced using an Illumina
MiSeq with a 2 × 300 bp chemistry MiSeq (Illumina, San Diego, USA) at IMR sequenc-
ing facility (Dalhousie University, Halifax, Canada) following procedures from Comeau
et al. [30]. As forward and reverse primers, 515FB (5’-GTGYCAGCMGCCGCGGTAA-3’)
and 806RB (5’-GGACTACNVGGGTWTCTAAT-3’) were used, respectively. Raw sequences
were trimmed of primers with CUTADAPT [31] and analysed with the R package dada2,
version 1.18.0 [32] for de-replicating, de-noising, and sequence-pair assembly. Finally,
taxonomy was assigned using the SILVA138 database.

A total of 1181 genera were found, confirming the large diversity of bacteria. To
simplify the analysis, the genera, families, and orders were grouped by class taxonomic
rank so that the sample sites could be clustered depending on the number of occurrence
of bacteria from a given class. The ideal number of clusters was determined using the
silhouette method [33]. This resulted in 3 site clusters, represented in Figure 2. An
analysis of variance of the dependent variables based on these three clusters is presented
in Section 3.1. All the computations were performed using the “factoextra” [34] and
“dendextend” [35] packages in R.
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2.3.4. Instrumentation

PreSens Oxygen sensors measure the oxygen concentration in samples by its quench-
ing of fluorescence decay (PreSens Precision Sensing, Regensburg, Germany). The sensors
contain a dye that is excited once every minute. The dye subsequently emits a fluorescence
signal detected by the instrument. Oxygen molecules present in the solution collide with
the excited dye, quenching the fluorescence, and thereby decreasing its intensity. Hence,
the higher the oxygen concentration, the more collisions and the shorter the fluorescence
lifetime. The lifetime of the fluorescence is recorded and converted to oxygen concentration
using the Stern–Volmer equation. The oxygen sensors are situated in the bottom of the
Sensor Vials, which are set on a plate with 24 wells. The plates are mounted on the Sensor
Reader in an incubator (Digital incubator Incu-line 23 L, VWR International, Oslo, Nor-
way), maintaining a constant temperature at 25 ◦C during the 30 h incubation period. The
incubation time was chosen empirically as the time at which most samples have reached
the last phase plateau.

2.3.5. Data Processing

The oxygen concentration in each vial was monitored every minute by the PreSens
software (SDR_v4.0.0). Typically, the curve of oxygen concentration with time had a
negatively sigmoid shape (Figure 3). A R script was developed to extract descriptive
parameters for the biodegradability of DNOM from each curve by the following steps.

Data were removed from the initial hours of incubation, due to an unstable tempera-
ture and the lag phase (Section 2.3.2), and measurement after 30 h.

1. The oxygen concentration values ([O2]t,initial) were normalised ([O2]t,corrected) by the
ratio of oxygen concentration in the corresponding blanks ([O2]t,blank) divided by the
mean of all the blanks, according to the following equation:

[O2]t, corrected =
[O2]t,initial
[O2]t,blank

mean([O2]blank)

2. The decline in oxygen concentration in each vial was fitted as a constrained spline
(median R2 = 0.97) and the derivative of the equation was calculated (“scam” and
“base” package on R). Typically, the derivative curve displays a peak, corresponding to
the maximum rate of oxygen consumption. Two parameters were extracted from this
peak, as shown in Figure 4: the maximum respiration rate (RR) and the biodegradation
period (BdgT). The first half of the peak was used to determine the BdgT to avoid
effects of limited O2 or accumulation of toxic wastes from the bacterial community
(Section 2.3.2).

3. RR and BdgT (Table 1) were determined for each of the 73 lakes as the median of 4
replicate samples. The area under the curve of the derivative was strongly correlated
with RR (r = 0.93). It thus provided no new information and was therefore not
included in the assessment.
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Table 1. Parameters describing the biodegradability of DNOM.

Parameter Definition Interpretation

Maximum Respiration rate (RR) Maximum biodegradation speed
(µmolO2 L−1 h−1)

The maximum speed at which the
microorganisms consume the DNOM, thus a

proxy of the biodegradability of DNOM

Normalised respiration rate (RRn) Respiration rate divided by the DOC
(µmolO2 h−1 mgC−1)

The normalised respiration rate is a quality
factor describing the relative speed of

biodegradability, independent of the amount of
DNOM.

Biodegradation period (BdgT) Width of the half-peak (h)

The biodegradation period reflects the
heterogeneity of DNOM quality, and balance of

RR on the one hand and the amount of
biodegradable matter on the other.
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2.4. Assessment of Factors Governing Biodegradability

Statistical analysis was conducted in R 4.0.3 [30], using the 27 conceptually relevant
parameters selected from the CBA-100 lakes survey as predictors (Section 2.2) for the
respiration rate (RR), normalised RR (RRn), and the biodegradability period (BdgrT) as
response variables. The response variables and the relevant parameters, and the summary
statistics of the 73 lakes, are presented in the Supplementary Material (Part A Table S1).
Eight missing values in the dataset (summarised in the last column of the Table S1) were
imputed by multiple imputation (50 imputations) using the “mice” package in R [36]. The
multiple imputations process is described in the Supplementary Material, Part B Figure S5.

Correlation analysis on parameters that were not normally distributed was also con-
ducted on log-transformed data (Section 2.2). A screening of the covariates was then
performed to remove covariates with high correlations [37], using the correlation matrix
(“micombine.cor”) function in the mice package.

Multivariate analysis was performed using a lasso (least absolute shrinkage and
selection operator) regression model [38] on the 50 imputed datasets. The lasso model
selects relevant parameters by shrinking the estimates of unimportant variables to 0. The
estimates are selected by minimising the expression RSS+λΣ

∣∣β j
∣∣, where RSS is the residual

sum of squares in the model, and λ is the penalty term used to shrink the estimate β [39].
Several λ might be obtained depending on how the dataset is separated between a training
and a test subset. Cross-validation was applied to each model to select the best lambda
(penalty) parameter each time, and the estimates of the covariates were computed and
pooled. Pooling of lasso estimates consists of averaging the estimates for each dataset if
the estimates were retained for more than half of the 50 lasso regression results. These
analyses were undertaken using the cv.glmnet function in the “glmnetUtils” package in the
R software environment [40]. The selected parameters were used to compute a multiple
linear regression model (“Gauss-lasso regression”). The merits of the resulting models
were compared by their mean absolute error (MAE).

3. Results
3.1. Respiration Rate and Time-Lapse of Biodegradability

Most RR values ranged between 0.46 and 7.55 µmol O2 h−1, though eight samples
had higher values up to 47.3 µmol O2 h−1 (Figure 4). Similarly, most BdgT values ranged
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from 1.14 h to 4.84 h, with outliers as high as 17.6 h. As is evident from Figure 5, the RR
and BdgT data were not normally distributed, but skewed towards higher values. The data
were thus log transformed for the following analysis.
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The respiration rate (RR) and biodegradation period (BdgT) were calculated from
the derivate of the O2 slope data. RR is not correlated to BdgT (confidence interval for R
being (−0.25; 0.21)), indicating that RR and BdgT reflect different aspects of the microbial
degradation process. An ANOVA showed that there was no significant difference between
the three site clusters of bacterial composition (Section 2.3.3) and mean RR (p = 0.7) and
BdgT (p = 0.9). The use of a non-indigenous inoculum does thus not appear to have affected
the biodegradation parameters.

3.2. Covariation of Variables

A total of 27 potential explanatory parameters were selected from the CBA lake survey
(see Section 2.2). However, regression models are sensitive to collinearity between covari-
ates. Therefore, a correlation matrix with Pearson correlation coefficients was calculated for
the 27 potential explanatory variables. The full matrix is presented in the Supplementary
Material (Part D Figure S2). Only covariates with a correlation coefficient lower than 0.5
were kept, in order to avoid interaction effects in the models. The resulting 12 selected
explanatory parameters are presented in Table 2 and a correlation matrix with the log
transformed response variables is presented in Figure 5.
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Table 2. Selected 12 explanatory parameter and their aliased covariates.

Selected Explanatory Parameter
Aliased (Covariates with r > 0.5, p < 0.05 Are Indicated by an Asterisk (*))

Positive Correlations Negative Correlations

log(DOC) log(C:P) *, SR, log(DN), log(B)

sUVa log(CH4) *, sVISa

SARuv None

pH log(Alkalinity) *, log(Ca) * Log(Al) *, log(C:N)

log(EC)
log(Alkalinity) *, log(Ca) *, log(Mg) *, log(Na) *,
log(SO4) *, log(Cl) *, log(B) *, log(DN) *, log(K),

log(CO2)

log(Fe) None

log(DP) log(C:P) *

log(C:N) Log(C:P) Log(SO4) *, log(DN) *

Log(O2) log(T) *

Log(CO2) Log(EC), Log(B), log(CH4)

Log(N2O) sVISa

Cells None

Log(RR) is significantly correlated (p-value < 0.05) with sUVa (r = −0.22), log(DP)
(−0.28), log(CO2) (−0.17), and cells counts (0.23) (Figure 5). It is also strongly, though
not significantly, correlated with log(C:N). The correlation coefficient between log(RRn)
and log(RR) is high (r = 0.81), although the p-value is higher than 0.05. Therefore, this
correlation is not significant. Log(RR) has negative significant correlations with log(DP)
(r = −0.24) and log(CO2) (r = −0.4). Log(BdgT) is not correlated with log(RR) or log(RRn),
but is significantly correlated with pH (r = 0.41) and log(C:N) (r = −0.19). It has also weak
significant correlations with sUVa and SARuv (r = −0.08 and r = −0.1).

3.3. Selection of Drivers of Biodegradability

Lasso multiple linear regressions were applied to the dataset of 12 selected explanatory
parameters (Table 2) for each of the three log transformed response variables. The lasso
regression is a statistical tool allowing covariates with little explanatory power to be
discarded, thus only keeping significant covariates. The fitted vs. observed values of the
multiple linear regression models are plotted in Figure 6. Their performances are presented
by residual plots in the Supplementary Material (Part E Figures S7–S9). The mean absolute
error of each of the models was low, but the normal Q-Q plots display residuals skewed to
the right, and not following the normal distribution. The estimates for each lasso regression
model are plotted in Figure 7.

The lasso regression model with log(RR) as response variable selected six covariates
of the 12 (Table 2). Because the dataset was standardised, the estimates reflect the effect
size of each variable, not the absolute effect. Log(C:N) was the parameter with the highest
explanatory value on log(RR) with β = 0.34. On the contrary, the estimate for log(DP) was
β = −0.13. Nutrient concentrations were based on the concentration in the original sample,
before addition of nutrients for the incubation experiment. Log(RR) was thus found to
increase with an increasing original C:N ratio, and decrease with increasing original DP
concentration. sUVa also had a high explanatory value with β = −0.16. (RRn). Cells count,
log(Fe), and SARuv were also selected by the model, with estimates of β = 0.07, β = −0.06,
and β = −0.04, respectively.
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For the modelling of log(RRn), seven covariates were selected by the lasso regression,
all with a negative effect. Log(EC) had the largest effect with β = −017, followed by sUVa
with −0.15. Moreover, log(DP), log(DOC), and log(Fe) had negative estimates, in addition
to log(CO2) and log(SARuv) (β = −0.13, −0.12, −0.06, and −0.05 and −0.04 respectively).
This suggests that the normalised respiration rate (the respiration rate divided by the or-
ganic carbon concentration) decreases with increasing DOC and phosphate concentrations,
and with increasing conductivity (a proxy for ionic strength).

Of the 12 selected covariates, nine were selected for log(BdgT). The estimates with the
highest coefficients were the pH with β = 0.38, followed by log(DOC) with β = 0.29, and
log(O2) with β = 0.10. Cells count and SARuv had a negative effect on log(BdgT), with
β = 0.17 and β = 0.09, respectively. Log(DP), log(N2O), log(C:N), and log(Fe) were also
selected but had minor effects (β being 0.02, 0.01, −0.01, and −0.05, respectively). The
effect of the nutrient concentration on log(BdgT) was opposite to the one observed for
log(RR).
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3.4. Significance of the Selected Drivers of Biodegradabilityz

Multiple linear regression models for each of the three variables describing the
biodegradability of DNOM were constructed based on only the explanatory variables
selected by lasso regression (Section 3.3). Each model was performed on the 50 imputed
datasets and the resulting estimates, residuals, and predicted values were pooled. The
fitted vs. observed values are represented in Figure 7. The residual plots of the model are
presented in the Supplementary Material (Part F Figures S10–S12).

The mean absolute errors of the models are similar to those obtained with the lasso
regression. Despite the log transformation, residuals are skewed to the right and there
is still heteroscedasticity of the data. Moreover, certain data points had high leverage in
the model, but no lake had both high leverage and high studentised residual (>3), so all
the points were retained in the model. Estimates for the covariates are represented for
each model in Figure 8. Only the significant estimates with a p-value less than 0.05 are
represented (Supplementary Material Part F Table S3). Compared to the lasso regression,
few covariates remained significant.
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Log(RR) is exclusively dependent on sUVa, log(C:N), and log(DP), with log(C:N)
remaining as the predictor with the highest impact (β = 0.35), followed by sUVa and
log(DP), both with β = −0.26.

Log(RRn) is negatively impacted by sUVa and log(DP) in a similar manner as log(RR),
with β = −0.22 and −0.34, respectively. In addition, log(Fe) and SARuv had equally impor-
tant effects (β = −0.23). Four explanatory variables were kept for log(BdgT): log(DOC),
pH, SARuv, and Cells count (i.e., bacterial abundance) with respective estimates of 0.57,
0.41 and −0.23, and −0.31.

4. Discussion
4.1. Priming Effect Boosting the Respiration Rate

The specific UV absorbance (sUVa) had an explanatory value for the observed varia-
tion of log(RR) and log(RRn), both in the correlation analysis and in the lasso and multiple
linear regressions. A high sUVa value is an indicator of HMW and of a high degree of
aromaticity of the DNOM [36]. Several authors have shown that DNOM with a low sUVa is
preferably degraded compared to DNOM with a high sUVa. For example, Zhou et al. [41]
highlighted a negative correlation between the BDOM and the sUVa value, and Abbott
et al. [42] showed that the sUVa increases during the first 10 days of an incubation exper-
iment, meaning that the HMW aromatic compounds were less degraded than the LMW
saturated moieties. Our incubation experiment, focusing on the first hours of bacterial
decomposition of the DNOM, confirms that bacterial communities consume preferentially
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the LMW and more saturated moieties of the DNOM pool. Even if the residence time of the
water in the studied lakes can extend up to 8 years [43] (as represented by Mjøsa, Norway’s
largest lake), the bacterial community will prioritise fresh, light moieties of DNOM over
the remaining HMW compounds. The log normalised respiration rate (log(RRn)) was
also negatively associated with sUVa in the lasso and multiple linear regression models,
although this relationship may be inherent because both variables are derived by dividing
by DOC. Log(Fe) was also found to have a slight negative explanatory value on log(RR)
and log(RRn). Practically all Fe in these generally oxic surface waters is complexed to
the DNOM. Typically, the HMW moieties of the DNOM have higher Fe content [44,45].
The role of log(Fe) as an explanatory factor for log(RR) and log(RRn) may thus reflect a
covariation to the larger size of the DNOM, and thereby lower biodegradability, as reflected
by sUVa (r = 0.3, Figure 6).

Although the log(C:N) ratio was not significantly correlated with log(RR) (Figure 6),
it excelled as an explanatory predictor, both in the lasso and in the multiple linear re-
gression models of log(RR) (Figures 7 and 8). The C:N ratio was calculated as the molar
ratio of DOC/DN, both DOC and DN being measured in filtered water (0.45 um). In
the assessed lake water samples, it displayed a pronounced variation, ranging from 9.33
to 450, with a mean of 49.0. This greatly exceeds the Redfield ratio observed in marine
phytoplankton cells (the molar Redfield ratio for C:N being 6.6), which would be assumed
to represent the C:N ratio of algae-derived, autochthonous DOM. Large deviations from
this stoichiometry are commonly observed in inland waters [46,47] and oceans [48]. The
relatively high C:N ratio indicates recalcitrant, terrestrially derived organic matter, poten-
tially already partially degraded by a microbial community, contrary to autochthonous
and algae-derived DNOM [49,50]. N-poor DNOM implies that proteins and amino acids
are depleted, yielding low-quality DNOM for bacterial consumption. This is due to the
large import of allochthonous DNOM [51] to surface waters in the boreal biome, and the
long residence time in the lake [52]. In addition, the degradation of the most recalcitrant
moieties of DNOM may primarily be restricted by the N limitation [37]. Therefore, the
addition of nutrients in our incubation experiment might have led to a “priming effect”,
making the relatively LMW and more saturated DNOM moieties with a high C:N ratio
available for microbial degradation. Such a priming effect occurs naturally in boreal lakes,
for instance, during seasonal turnovers, when the water from the hypolimnion is mixed
with the nutrient-depleted water of the epilimnion [53].

The respiration rate was also partly explained by log(DP), which was negatively
correlated with log(RR) (r = −0.28, Figure 6) and had a negative impact in the lasso and
multiple linear regression models (Figures 7 and 8). Abbott et al. [54] found that DP in
their permafrost leachate samples was a good positive indicator of the percentage of BDOC.
Similarly, Allesson et al. [18] reported a higher turnover of BDOM in lakes in which P
was in surplus. In our incubation experiment, all treatments received N and P to avoid
the effects of nutrient limitation, in order to specifically test the role of DNOM quality on
respiration. Nonetheless, the negative effect of log(DP) appears counterintuitive but may
be because, in more nutrient-rich systems, the available DNOM was previously degraded.
This supports the hypothesis of the priming effect in nutrient-poor samples.

4.2. Slower Biodegradation in Autotrophic Lakes

Log(BdgT) was positively associated with log(DOC) in the lasso and linear regressions
(Figures 7 and 8). This is an inherent baseline condition for the biodegradation: the more
DNOM and thereby BDOM to degrade, the longer the biodegradation period. However,
log(BdgT) was negatively correlated with log(C:N) (Figure 6), which suggests a longer
biodegradation time for labile DNOM. A possible explanation for this apparent contradic-
tion is that the bacterial community faces a more heterogeneous pool of BDOM in lakes
with a higher share of labile DNOM.

This is supported by the association between the biodegradation period (BdgT) and
autotrophic conditions. First, log(O2) appeared as the main explanatory positively corre-
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lated variable in the lasso regression for log(BdgT) (Figure 8). High oxygen concentrations
are common in the epilimnion of autotrophic lakes where the primary production releases
dissolved oxygen in the layer of photosynthesis active radiation (PAR) [55]. As the samples
in this study were collected from the surface, elevated O2 concentration likely indicates
high primary production in the raw water. The positive effect of log(DP) and the nega-
tive effect of log(C:N) in the lasso regression (Figure 8) also support this hypothesis. In
addition, pH was a positive explanatory factor for BdgT in the lasso and multiple linear
regression (Figures 7 and 8). It was itself positively related to log(Alkalinity) and log(Ca)
(Table 2). Typically, these lakes are eutrophic with an inherent significant production of
autochthonous BDOM [56,57].

As shown above, lighter BDOM is degraded preferentially even though the nutri-
ent limitation is removed. Therefore, in lakes comprising both autochthonous and al-
lochthonous DNOM, the biodegradation phase lasts longer because both the light BDOM
and the less recalcitrant share of allochthonous DNOM are degraded by the bacterial
community.

4.3. Enhanced Bacterial Respiration in Dystrophic Lakes

The speed and duration of respiration by the bacterial community was measured,
assuming that for one molar unit of oxygen gas consumed, the bacterial community
consumed one molar unit of carbon. However, this is based on the theorical value for
glucose degradation. In reality, the degradation of compounds of lower molecular weight,
containing more oxygen, could yield an RQ well above 1 [17,58]. In this case, the respiration
of DNOM with a large share of autochthonous, light DNOM would be underestimated
by controlling only the oxygen consumption. The higher respiration rate in samples from
dystrophic lakes may reflect a RQ closer to 1, contrarily to the respiration rate in samples
from mesotrophic lakes, where more autochthonous DNOM is available.

In addition, the microbial fixation of DNOM was not measured. The actual concur-
rence of these two processes can also explain the behaviour of the bacterial community
in meso/eutrophic lakes and in dystrophic lakes, with a longer biodegradability lapse
in the former and a higher respiration rate in the latter. Indeed, community respiration
reflects both the cell-specific and the overall heterotrophic community activity. Situations
with “excess C” may yield high cell-specific respiration (typically high RR), whereas higher
levels of nutrients may lead to reduced cell-specific respiration, although with increased
bacterial biomass and thus increased overall respiration (high BdgT) [59].

Abbott et al. [42] observed that, in samples with higher inorganic nitrogen concentra-
tion, a larger proportion of the DNOM was mineralised after the nutrient addition. They
suggested that nutrient addition enhances preferentially the complete degradation of labile
organic matter to CO2, rather than causing a priming effect by making recalcitrant organic
matter available. In that case, high RR is a means for the microorganisms to spend excess
C [59–62], thereby lowering the C:N ratio. This is supported by the fact that log(RR) and
log(RRn) were negatively associated with proxies indicating higher nutrient lake status.
First, log(RR) and log(RRn) were both negatively correlated with log(CO2) (Figure 6). Low
CO2 concentrations are usually associated with autotrophic lakes, due to the autotrophic
fixation of the CO2 [63]. Secondly, log(RRn) was negatively associated with log(EC) in the
lasso regression (Figure 8). Log(EC) is a proxy of the trophic state because it is correlated
with the ionic strength. Indeed, most eutrophic lakes are found in agricultural regions that
are located below the marine limit with elevated levels of HCO3, Ca, Na and Cl, in addition
to DP. Moreover, few dystrophic lakes have high levels of inorganic ions [64].

This is consistent with the findings of Allesson et al. [18], who also suggested that
at a community level, bacterial production increases relative to the bacterial respiration
in nutrient-rich lakes. We thus suggest that in meso- and eutrophic lakes, the bacterial
community uses a large proportion of the DNOM to grow and respire, although only a
small part is used to provide energy for this growth. Meso- and eutrophic lakes contain
a high share of autochthonous, labile DNOM, which can be directly used for anabolism.
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This causes the bacterial community to use the available oxygen at a slower pace, and for a
longer time. On the contrary, in dystrophic lakes, the bacterial community uses a larger
proportion of the DNOM pool for respiration and a smaller part for assimilation, leading
to high respiration rates and faster oxygen depletion.

5. Conclusions

We tested the applicability of an analytical method to determine the biodegradability
of DNOM, based on the rate of oxygen consumption by bacteria during incubation under
optimal conditions. The respiration rate (RR) and the DOC normalized RR (RRn), in
addition to the duration of rapid biodegradation (BdgT) of the DNOM, showed significant
spatial variation among boreal lakes in southeast Norway.

The variation in the RR was mainly driven by the characteristics of the DNOM. HMW
and aromatic DNOM was respired more slowly than LMW and hydrogen saturated DNOM.
Indeed, the sUVa was a main predictor of both the RR and RRn. The RR was also governed
by the trophic state of the lake. However, dystrophic lakes, with a high proportion of
recalcitrant DNOM and a low nutrient concentration, had the highest RR. It is likely that
the amount of BDOM left in these dystrophic lake water samples is low due to the long
residence time of lake water. It is thus hypothesised that the high RR is due to a priming
effect, caused by the addition of nutrients for the incubation experiment. Because the
studied lakes are generally lower-mesotrophic and dystrophic, the addition of nitrogen and
phosphate allowed an increased respiration rate. This implies that the rate of heterotrophic
respiration in these nutrient-poor lakes is mainly governed by the availability of reactive
nutrients and, in particular, nitrogen, with the C:N ratio being a main predictor of the
respiration rate.

Nutrient-rich lakes with high pH and oxygen concentration displayed a longer BdgT.
These lakes are also prone to contain more autochthonous DNOM, which is generally
more readily biodegradable. This suggests that the longer biodegradation period reflects a
greater variety in the DNOM quality, due to a mix of autochthonous and allochthonous
organic matter, which forces the bacteria community to adjust and thus extend its growth
phase. Although the RR is faster for lakes with a higher proportion of labile organic
matter, the biodegradation period may last longer due to the larger heterogeneity of the
biodegradable matter, in addition to a greater quantity of BDOM to degrade.

Our findings suggest that the balance between rapid RR and long BdgT may be partly
governed by the balance between bacterial respiration and assimilation. A DNOM pool
with a lower proportion of labile nutrient compounds (i.e., high C:N), such as in dystrophic
lakes, would enhance the bacterial respiration, hence resulting in a faster RR. On the
contrary, a DNOM pool with a high proportion of bioavailable autochthonous compounds,
such as those found in eutrophic lakes, would be better suited for bacterial assimilation,
hence leading to a longer biodegradation duration.
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the SDS interface; Figure S4: Example of the oxygen concentration in a natural lake water sample;
Figure S5: Multiple imputation process; Figure S6: Correlation plot the 27 covariates; Figure S7:
Residual plots for lasso regression with log(RR) as response variable; Figure S8: Residual plots for
lasso regression with log(RRn) as response variable; Figure S9: Residual plots for lasso regression
with log(BdgT) as response variable; Figure S10: Residual plots for linear model with log(RR) as
response variable; Figure S11: Residual plots for linear model with log(RRn) as response variable;
Figure S12: Residual plots for linear model with log(BdgT) as response variable; Table S1: Summary
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